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The main focus of my dissertation is to explore the influence of environmental 
determinants on physical activity and sleep. I examined the influence of green space on human 
activity with various research approaches: a systematic review, spatial analysis, and 
epidemiological analysis.  In the first study, titled "Green space exposure and sleep: Systematic 
review," I explored the literature related to green space and sleep regardless of study type. With a 
peer-researcher, I initially reviewed 5722 distinct journal articles from eight electronic databases, 
and then selected a total of 13 unique articles that were most relevant to my study. Out of 13 
studies, there are seven cross-sectional studies that used either a questionnaire or the combination 
of GIS and remote sensing images for green space measurement, and mostly used questionnaire 
for both sleep quality and quantity measurement; while there are six intervention studies such as 
walking program, gardening, and forest working environment. The results indicate that most of 
the articles (n=11) supported the positive effect of green space exposure on improving both sleep 
quality and quantity. Therefore, the amount of green space exposure or green space-related 
health programs may mitigate population- and individual-level sleep problems.  
In the second study, titled "An examination of socio-environmental influences on health 
outcomes in Illinois: Spatial boundaries matter for community green space measurement", I 
examine the impact of community green space and other socio-economic factors on physical 
activity.  In this paper, I demonstrate that residence and administrative unit-based approaches are 
insufficient for studying health outcomes in spatial epidemiology because they do not adequately 
capture the place which is related to people's actual activity area. Moreover, appropriate usage of 
green space data sources is required to examine the real effect of environmental exposures. To 
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address the uncertain geographic context problem, I conceptualized community green space to 
capture the area of actual activity with the consideration of the context of daily physical activity. 
Results from this study showed that the administrative unit-based spatial boundary was 
mismatched to actual human activity area, while the context-based spatial boundary accurately 
reflected the actual human activity area. Time-integrated green space, which can cover the 
temporal aspects of true green space exposure, was significantly associated with the higher level 
of physical activity, while maximum the normalized difference vegetation index (NDVI), which 
is the one-time measurement of the maximum level of vegetation in an area during a year, was 
not. 
In the third study, titled “Socio-environmental determinants of physical activity and sleep 
across the US”, I explore the environmental effect of socio-environmental factors on sleep 
insufficiency and the absence of leisure-time physical activity. To establish the conceptual 
components for activity-related information, socioeconomic and health behavior variables from 
national survey data, aggregated at the city level (i.e., census place), was merged with various 
environmental data sets such as green space, noise, nighttime light, natural amenity, crime rate, 
food accessibility, and fitness facilities. Through exploratory factor analysis, results showed four 
factors from 12 of the exogenous variables were selected and categorized from the 29 initial 
variables.  With the redesigned factors, I examine the significance of personal and environmental 
determinants for sleep and physical activity. In the analysis, I utilize the context-based spatial 
boundary, and also consider the bi-directional relationship between physical activity and sleep. 
As a result, the cities which had a better socioeconomic status and environment showed a lower 
risk of insufficient sleep and physical activity. To sum up, the findings illustrate the relationship 
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among the environment and human activities, and this indicates that better environments can 
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CHAPTER 1: BACKGROUND AND SIGNIFICANCE 
 
1.1 INTRODUCTION 
Physical activity and sleep influence various health outcomes. Several studies have 
shown that sufficient, high-quality sleep and regular physical activity enhance health status 
(Gallicchio & Kalesan, 2009; Haskell et al., 2007; Kruk, 2007; Irish, Kline, Gunn, Buysse, & 
Hall, 2016; Janssen & LeBlanc, 2010; Nelson et al., 2007; Penedo & Dahn, 2005); while poor 
sleep and physical inactivity have been associated with a higher risk of various chronic diseases. 
Specifically, poor sleep has been associated with a higher risk of various chronic diseases among 
adults such as diabetes, obesity (Shankar, Syamala, & Kalidindi, 2010), cancer (von Ruesten, 
Weikert, Fietze, & Boeing, 2012), stroke (von Ruesten et al., 2012; Liu et al., 2013; Shankar et 
al., 2010), coronary heart disease (CHD), cardiovascular diseases (Cappuccio, Cooper, Delia, 
Strazzullo, & Miller, 2011; Liu et al., 2013; Shankar et al., 2010), and high blood pressure (Liu 
et al., 2013); and physical inactivity is also associated with a higher risk of CHD (Blair, Cheng, 
& Holder, 2001; Lee, Shiroma, Lobelo, Puska, Blair, & Katzmarzyk, 2012), cardiovascular 
disease (Blair et al., 2001), stroke (Blair et al., 2001), diabetes (Lee et al., 2012), and colon 
cancer (Blair et al., 2001; Lee et al., 2012).  Moreover, physical inactivity and sleep are also 
important health parameters for children’s obesity (Chen, Beydoun, & Wang, 2008; Janssen et 
al., 2010; Sallis, Prochaska, & Taylor, 2000), depression, and blood pressure (Janssen et al., 
2010) 
Despite the adverse health impacts of limiting physical activity and sleep, statistics from 
the Centers for Disease Control and Prevention (CDC) show only a limited proportion of 
individuals meet the guidelines for physical activity and sleep. According to a 2018 CDC report 
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(US Department of Health and Human Services, 2018), only 20% of adolescents meet the 
aerobic physical activity guideline, and also only 20% of adults meet both the aerobic and 
strength physical activity guidelines. Regarding insufficient sleep, 35.2% of adults sleep less 
than seven hours per night (CDC, 2019), while 68.8% of high school students (Wheaton, 2016) 
sleep less than eight hours per night, way below guidelines stipulated by the National Sleep 
Foundation (National Sleep Foundation, 2019). 
This is not only risky for public health but also the economy. Health care costs related to 
physical inactivity are estimated between $76 billion (US Department of Health and Human 
Services, 2005) and $117 billion per year (CDC, 2016), and the economic costs associated with 
insufficient sleep in 2015 was $411 billion which is 2.28% of the US GDP (Hafner, Stepanek, 
Taylor, Troxel, & van Stolk, 2017). Kessler et al. found that $2,280 or 7.8 days of productivity 
were lost due to insomnia in the workplace (Kessler et al., 2011). Moreover, according to the US 
DHHS (US Department of Health and Human Services, 2005), an increase of 10% of 
participation in regular walking programs may save $5.6 billion in health care costs.  
Good quality of the environment and daily human activities has also been shown to have 
a positive impact on health. According to Social Cognitive Theory, human behavior is broadly 
influenced and also motivated by the selection and construction of environments (Bandura, 
1989). There is evidence of a positive relationship between physical activity and some measures 
of the environment - for example, the natural environment (Evenson, Jones, Holliday, Cohen, & 
McKenzie, 2016; Foster et al., 2009; Grigsby-Toussaint, Chi, & Fiese, 2011) and built 
environment (Da Silva et al., 2017; Ferdinand, Sen, Rahurkar, Engler, & Menachemi, 2012; 
McGrath, Hopkins, & Hinckson, 2015; Oliver et al., 2015). Moreover, various studies have 
investigated whether environmental factors have  a positive association with sleep quality and 
3 
 
quantity (Astell-Burt, Feng, & Kolt, 2013; Grigsby-Toussaint et al., 2015; Van Someren, 2013; 
Vézina-Im, Moreno, Thompson, Nicklas, & Baranowski, 2017). Therefore, the environment may 
be used as a means to improve physical activity level, sleep quality, and sleep duration.  
Although several environmental factors have been independently shown to influence 
human activity, few studies have examined these factors collectively. In particular, since a bi-
directional relationship exists between sleep and physical activity (Kline, 2014; Lin, Borghese, & 
Janssen, 2018); it is necessary to examine both physical activity and sleep together - rather than 
one or the other. However, current studies were not considered about the environmental 
influence regarding the bi-directional relationship between sleep and physical activity. Moreover, 
studies examining the influence of the environment on sleep are relatively limited, compared to 
studies on the environmental influence on physical activity or health outcomes. 
In terms of methodology, one may need to think a little about geographic context when 
considering the spatial boundary associated with environmental exposure in the analysis of sleep 
and the environment. The combination of health surveys and environmental data has been used 
commonly to investigate environmental influences on human health. However, the data 
integration in health research requires more attention regarding whether the measurement reflects 
actual human activity and health conditions in terms of spatial context (Kwan et al., 2019). 
Particularly, environmental factors are influenced by geographical context, so proper data 
processing, which is designed to consider the Modifiable Areal Unit Problem (MAUP; 
Openshaw, 1984) and Uncertain Geographic Context Problem (UGCoP; Kwan, 2012) is 
mandatory to avoid misleading conclusions. Unfortunately, many existing studies use 
environmental data indiscriminately such as the larger geographical unit or the lack of 
consideration of geographical context (Hillsdon, Panter, Foster, & Jones, 2006; Johnson, 
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Malecki, Peppard, & Beyer, 2018; Maas, Verheij, Spreeuwenberg, & Groenewegen, 2008; Ord, 
Mitchell, & Pearce, 2013). 
Given these various environmental factors discussed above, a new conceptual framework 
is required for a better understanding of causality between physical activity and sleep (Figure 1). 
The new conceptualized framework and pathways is based on social cognitive theory (Bandura, 
1989; Montano & Kasprzyk, 2015), which addresses the tension and interaction between 
individuals and the environment to characterize the explanations of human behaviors with the 
construct of reciprocal determinism.  
 
 
Figure 1 A Conceptual framework showing pathways in which socio-economic and 
environmental factors influence physical activity and sleep 
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In addition, our model is derived from the empirical and theoretical evidence from five 
selected frameworks from the literature (Figure 2). First, Singh et al. investigated which factors 
are associated with sleep problems, and illustrated the pathway between behavioral factors and 
sleep problems (Singh & Kenney, 2013). From the various variables, they established three 
fundamental factors related to sleep problems such as: 1) socioeconomic and demographic 
factors, 2) social, physical, and built environment, and 3) behavioral factors. Kahn et al. provide 
a logical framework and pathway for physical activity with respect to intervention study (Kahn et 
al., 2002). They indicated three modifiable determinants (i.e., information determinants, behavior 
and social determinants, and environmental and policy determinants) for physical activity 
intervention, and this is a similar approach compared to Singh’s three factors for sleep problems. 
Sallis et al. (2015) used ecological approaches, which are developed for better understanding of 
the dynamic interrelations among various variables, including environmental influences on 
health outcomes (Sallis et al., 2015). Although the combination of these models provide a 
temporal and logical pathway between environment and human activities, our model still needs 
to consider the spatial components integrated because most of the literature are related to 
environment and health studies, thus this is highly influenced by geographic coverage. 
Specifically, environment studies were performed based on residential proximity or community 
area, therefore, we derived from the concepts of spatial hierarchy structure from two studies – 
social determinants of health and environmental health promotion model (Schulz & Northridge, 
2004) and the 6C's model (Harrison et al., 2007). In contrast to Singh’s model, Chaput examined 
sleep patterns such as sleep duration and efficiency and also found associations between 
moderate-to-vigorous Physical Activity (MVPA) and sedentary time (Chaput et al., 2015). In this 
sense, Saunders attempted to combine these human activities (MVPA, sedentary time, and sleep), 
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and examined the health benefit from a high level of physical activity and high sleep duration 
(Saunders et al., 2016). Therefore, our model also included the idea of bi-directional relationship 
between physical activity and sleep which was not considered in previous models.  
 
 





1.2 CONTRIBUTION OF THE DISSERTATION 
With the conceptual model, my dissertation contributes to the prevention of physical 
inactivity and sleep problems. In the first chapter, our findings describe various forms of green 
space related to sleep problems. The summary of the study shows various green space 
measurement methods and possible intervention methods to enhance sleep quality and quantity. 
One expected contribution of the work is to facilitate intervention programs or measurement 
techniques. To be specific, our finding will be able to answer two questions about how many 
measurements and intervention methods for the green space were used in sleep research and 
what association was found between green space exposure and sleep. The findings will 
contribute to determining the most feasible methods green space exposure measurement in future 
studies 
In Chapter 2 of my dissertation, the results illustrate 1) the difference in spatial boundary 
and 2) the measurement difference within seasonal greenness and maximum greenness, and 3) its 
influence on physical activity and health outcomes. The finding was based on the following 
hypotheses: 1) varying green space measurements will have different results, 2) varying spatial 
boundaries will have different results, 3) green space influences exercise, and 4) health outcomes 
are affected by socio-demographic and environmental factors. Given the literature and empirical 
approaches of geographical context regarding spatial-temporal activity and environmental 
exposure, we propose "community green space" that covers the potential area of green space 
exposure during an individual’s daily activity. Our study also suggests using the time-integrated 
NDVI, which corresponds with the seasonal cycle of physical activity, rather than maximum 
NVDI, which is the most widely used method for spatial analysis and green space measurement 
methods. These two approaches - community green space and time-integrated NDVI - are useful 
to apply to cross-sectional physical activity research when it comes to a combination of spatial 
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data, and survey data, especially for the literature of administrative geographic unit-based 
measurements and spatial analysis which contains the uncertain context unit problem. 
The results from Chapter 3 serve to clarify socio-environmental and ecological factors 
needed for conceptual models and to examine the potential environmental influence on both 
physical activity and sleep with the consideration of a bi-directional relationship. The study 
hypothesizes that socio-demographic and environmental factors have an effect on human activity, 
and also sleep and physical activity have a bi-directional relationship with each other. The study 
findings can provide insight about the factors associated with both physical inactivity and sleep 
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CHAPTER 2: GREEN SPACE EXPOSURE AND SLEEP: SYSTEMATIC REVIEW1 
 
ABSTRACT 
Background: Green space has been considered as a key environmental factor for sleep, 
so it is considered as a potential contributor to improve health. However, no systematic review 
and meta-analysis have been performed to examine the influence of green space on various 
measures of sleep quality and quantity. 
Objectives: A systematic literature review was performed to 1) explore the previous 
research related to green space and sleep, and 2) examine the impact of green space exposure for 
improving sleep quality and quantity. The hypotheses are the following: 1) Green space related 
intervention is positively associated with sleep regardless of measurement method and 2) Green 
space has a positive association with sleep quality and quantity. 
Methods: Eight electronic databases (PubMed/Medline, EBSCOhost/Academic Search 
Ultimate, SPORTDiscus, CINAHL, Scopus, Web of Science, PsycINFO, and Cochrane Library) 
were searched for articles on green space and sleep published before December 2018. Studies 
were eligible for inclusion if they met the following criteria: well-designed, any analysis 
exploring green space and sleep, provided sleep and green space measurement, published in 
peer-reviewed journals, and written in English. Statistical analysis was conducted to examine the 
effect size and the differences in green space measurement for each sleep outcome. 
Results: Thirteen eligible studies related to green space and sleep were selected from the 
peer-review procedure. These included seven cross-sectional studies, three pre/posttest studies, 
two randomized control trials (RCTs), and one case report. The cross-sectional studies used 
                                                 




either a questionnaire or the combination of Geographic Information Systems (GIS) and remote 
sensing images for green space measurement, while questionnaires were primarily used for the 
measurement of both sleep quality and quantity. Intervention studies were categorized into three 
types: walking program, gardening, and working in a forest. Eleven out of thirteen studies 
concluded that green space exposure is associated with improvement in both sleep quality and 
quantity. 
Conclusion: The findings support the evidence of a positive association between green 
space exposures and sleep quality and quantity, and also suggest possible intervention methods 





Green space such as a park, a garden, and/or the forest has been considered as the best 
natural resources to provide various health, mental, and physical benefits (Astell-Burt, Mitchell, 
& Hartig, 2014; Depledge, Stone, & Bird, 2011; Gascon et al., 2016; Grigsby-Toussaint, Chi, & 
Fiese, 2011; Triguero-Mas et al., 2017). In addition to the sustainable economic and 
environmental benefits (National Research Council, 1998), one of the significant benefits of the 
exposure to green space is to contribute to better general health (Wheeler et al., 2015), stress 
management (Fan, Das, & Chen, 2011), engagement in physical activity (Grigsby-Toussaint et 
al., 2011; Richardson, Pearce, Mitchell, & Kingham, 2013), and good mental health (Alcock, 
White, Wheeler, Fleming, & Depledge, 2014; Astell-Burt et al., 2014; Nutsford, Pearson, & 
Kingham, 2013). Notably, several researchers have investigated green space exposure and its 
health benefits for mental health. Barton and Pretty (2010) examined the effectiveness of activity 
programs in nature and green space from a total of 10 studies and showed a better improvement 
in self-esteem and mood. Gascon et al. (2015) also found long term exposure of residential green 
space and the impact on mental health. Since better mental health can promote sleep quality and 
duration (Sivertsen, Krokstad, Øverland, & Mykletun, 2009), it follows that green space 
exposure may also contribute to improving better sleep. 
Sufficient amount and high quality of sleep is a significant factor to optimize and manage 
health status. According to Shankar et al. (2010), insufficient sleep is associated with the high 
risks of CHD, stroke, diabetes mellitus, and obesity. This is not only an issue of personal health, 
but also a risk for population health and economics. More than 35% of adults in 2014 (CDC, 
2019), and 45% of adults in 2015 (Hafner, Stepanek, Taylor, Troxel, & van Stolk, 2017) had 
short sleep duration – less than 7 hours of sleep per night - which is defined by the National 
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Sleep Foundation’s recommendation for adults (National Sleep Foundation, 2019). The United 
States also had the highest estimates of economic losses from insufficient sleep in 2015. For 
example there is up to $411 billion – 2.28% of the GDP – in 2015; and there are projections that 
these annual costs will increase by as much as 467.7 billion – 2.59% GDP – in 2030 (Hafner et 
al., 2017). Insufficient sleep and poor sleep quality are also related to economic inequality as 
much as racial differences (Patel, Grandner, Xie, Branas, & Gooneratne, 2010). Moreover, sleep 
insufficiency has also shown spatial patterns and spatial distribution (Grandner et al., 2015; 
Grigsby-Toussaint et al., 2015), which is influenced by environmental effects. 
Despite the importance of sleep research and existing evidence of spatial disparity of 
sleep problems (i.e., sleep insufficiency), no review studies have been conducted to focus on the 
relationship between green space and sleep, in contrast to the review for green space and 
physical activity (Hunter et al., 2015; Twohig-Bennett & Jones, 2018). Moreover, it is still 
uncertain what kinds of green space and sleep measurements are used, and even what type of 
research was published. Therefore, the purposes of this review were to explore the types of 
research for sleep and green space and to examine the effectiveness of green space for sleep. We 
hypothesized that green space has a positive impact on improving sleep. 
 
2.2 METHODS 
2.2.1 Study selection criteria 
This study included articles if they met the following criteria: [1] the article was an 
original research article, and published in a peer-reviewed journal, [2] green space and sleep 
were included as separate variables within the analysis and results were reported specifically for 
the relationship between green space and sleep regardless of the primary aim of the study, [3] 
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green space measures were generated using both objective and subjective methods, not limited to 
use of Geographic Information Systems or an assessment by trained auditors using a consistent 
tool. Additionally,  intervention studies related to green space access were also included, [4] the 
sleep outcome could be either self-reported or objectively measured such as sleep quality, sleep 
quantity, and sleep index, and [5] the article was written in English. 
 
2.2.2 Search strategy 
Articles published until December 2018 were searched from eight electronic databases 
including [1] PubMed/Medline, EBSCOhost: [2] Academic Search Ultimate, [3] SPORTDiscus, 
e [4] Cumulative Index to Nursing and Allied Health Literature-CINAHL), [5] Scopus, [6] Web 
of Science, [7] PsycINFO (ProQuest), and [8] Cochrane Library. To identify components of 
three research topics, namely, ‘sleep, ‘green space, and ‘study design’, the following keyword 
search algorithm was used: ((sleep*) OR (apnea*) OR (sleep talk*) OR (sleep disorder) OR 
(insomnia) OR (snore) OR (parasomnia*) OR (sleep walk*) OR (sleep quality) OR (sleep 
latency))((greenspace* OR green space* OR greenness OR greenery OR greener) OR (tree OR 
forest OR vegetation OR woodland) OR (wild space OR open space OR public space OR natural 
space OR wild land OR open land OR public land OR natural land OR wild area OR open area 
OR public area OR natural area) OR (park OR garden))((intervention*) OR (randomi* OR 
randomly) OR (pretest* OR posttest* OR before stud* OR after stud*) OR (follow up 
assessment) OR (cohort) OR (comparative stud*) OR (control* OR control group*) OR 
(evaluat* OR assess* OR treat* OR program*)). Hand searching was performed for further 
relevant articles, but no additional articles were found. Duplicate articles were eliminated from 
the combined search results. Two types of screening were performed: 1) selecting journal type 
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published articles which excluded books, conference proceedings, serials, and theses, and 2) 
selecting the related articles based on titles and abstracts. Once the full-text articles were secured, 
further reviews were conducted by two researchers using the eligibility criteria, and additional 
unrelated articles were eliminated. The entire procedure followed the guidelines for Preferred 
Reporting Items for Systematic Reviews and Meta-Analysis (PRISMA) (Moher et al., 2015). 
 
2.2.3 Data extraction 
The following information was extracted from each paper included in the systematic 
review: authors’ names, publication year, study region, sample characteristics, sample size, 
sample age, study period, retention rate, study design, statistical methods, type of green space 
measurement or intervention, and sleep measurement. Green space studies were identified using 
two approaches: Quantified green space via measurement and green space intervention. All 
quantified green space showed in cross-sectional study, and it was measured in two ways - 
objective (e.g., remote sensing image and GIS) and subjective methods (e.g., questionnaire). 
Thus, green space intervention studies were summarized based on the specific methods and 
components of the intervention, while other cross-sectional studies reported the type of green 
space data sources and specific measurement methods. Additional information was extracted by 
using the empirical approach of statistical analyses such as effect size, standard error, and 
standard deviation for sleep outcome. 
 
2.2.4 Study quality assessment 
Since study designs vary, we modified and revised the study quality assessment tools that 
were derived from the NIH quality assessment tool and a previous sleep review study (Shin, Kim, 
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& Grigsby-Toussaint, 2017). The revision was performed via discussion and peer review by the 
researchers based on the question category. The research quality assessment used the following 
criterion - [1] Was the research question or objective in this paper clearly stated and appropriate? 
[2] Was the study population clearly specified and defined? (e.g., eligibility or selection criteria) 
[3] Was green space well defined? (e.g., background about green space, either measurement or 
program) [4] Was sleep well defined? (e.g., background about sleep, sleep measurements) [5] 
Was the sample size sufficiently large to provide confidence in the findings? (i.e., Sample size 
justification, power description, or variance and effect estimates) [6] Were the definitions, 
inclusion and exclusion criteria, algorithms or processes used to identify or select cases and 
controls valid, reliable, and implemented consistently across all study participants? [7] Was sleep 
measurement well designed? (Valid, reliable, and consistent measurement) [8] Was green space 
measurement well designed? (Valid, reliable, and consistent measurement OR well described 
test/service/intervention and defined clear differentiation between case and control) [9] Was the 
timeframe sufficient to blind the association between the exposure and outcome? / Were the 
people assessing the outcomes blinded to the participants? [10] Was the loss to follow-up after 
baseline 20% or less? Were those lost to follow-up accounted for in the analysis? [11] Were 
appropriate statistical methods used? Did the statistical methods examine changes in outcome 
measures? [12] Were key potential confounding variables measured and adjusted statistically in 
the analyses? If matching was used, did the investigators account for matching during study 
analysis?  Based on the total score of study quality (out of 12), the following categories were 




2.3.1 Study selection 
The results of the literature search are summarized in Figure 3. A total of 7,952 articles 
were initially selected from seven electronic databases, and 5,722 unique articles were identified 
after removing 2,141 duplicate articles. Additionally, 165 articles that were not published in 
peer-reviewed journals were also excluded. After the first screening, 559 articles were selected 
from the title and abstract screening, and 53 full-text articles were downloaded for the full-text 
review. With  peer-reviewing and further discussion, we excluded 40 articles after the full-text 
screening for the following reasons: [1] No green space measurement (n=23) (Ding et al., 2014; 
El-Gilany, Elkhawaga, & Sarraf, 2018; Fang et al., 2015; Ferranti et al., 2016; Ferrar, Olds, 
Maher, & Gomersall, 2012; Gamble et al., 2017; Grandner et al., 2015; Gupta, Goel, Kandpal, 
Mittal, & Dhyani, 2016; Hartz et al., 2007; Hoefelmann, Lopes, da Silva, Moritz, & Nahas, 2013; 
Jampawai, Pothinam, Kanato, Tongkrajai, & Homjumpa, 2011; LeBlanc et al., 2007; S. H. Lee, 
Kim, Bang, & Lee, 2018; Lennartsson & Heimerson, 2012; Lin, Borghese, & Janssen, 2018; 
Machado, Wendt, & Wehrmeister, 2018; Matthews et al., 2017; Mohnen, Volker, Flap, & 
Groenewegen. Peter P, 2012; Newsham et al., 2013; Ohayon & Bader, 2010; Riedel et al., 2012; 
Simonelli et al., 2013; Sun et al., 2015); [2] No sleep outcome measure (n=8) (Depledge, Stone, 
& Bird, 2011; Dzhambov, 2018; Grahn & Stigsdotter, 2003; Jacobs et al., 2015; Lilley, Feyer, 
Kirk, & Gander, 2002; Lotfalian, Emadian, Riahi Far, Salimi, & Skeikh Meenesi, 2012; 
McCurdy, Winterbottom, Mehta, & Roberts, 2010; Rostami, Lamit, Khoshnava, & Rostami, 
2014); [3] No green space and sleep measurement (n=4) (Rauchs et al., 2008; Reeves, Lin, & 
Nater, 2013; Riediker & Koren, 2004; Yeo, Kim, & Bae, 2015); [4] No result in relationship 
between green space and sleep (n=1) (Kim & Kim, 2017); [5] Not peer-reviewed  (n=2; 
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commentary and review) (Hunter & Hayden, 2018; Mehra, 2009); and [6] Not written in English 
(n=2) (Kim, 2016; Liu et al., 2009).  
 
Figure 3 Study selection procedure via the PRISMA guidelines 
 
A total of thirteen articles (Astell-Burt, Feng, & Kolt, 2013; Bodin, Björk, Ardö, & Albin, 
2015; Chum, O’Campo, & Matheson, 2015; Dolling, Nilsson, & Lundell, 2017; Gladwell, 
Kuoppa, Tarvainen, & Rogerson, 2016; Grigsby-Toussaint et al., 2015; Johnson, Malecki, 
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Peppard, & Beyer, 2018; Lee & Kim, 2008; López-Pousa et al., 2015; Morita, Imai, Okawa, 
Miyaura, & Miyazaki, 2011; Rappe & Kivelä, 2005; Singh & Kenney, 2013; Triguero-Mas et al., 
2017) were used for the final analysis and these articles were categorized based on the study 
characteristics. Through the procedure, interrater reliability analysis by using Kappa statistic was 
performed with peer reviewers to determine consistency among raters. The interrater reliability 
was found to be Cohen’s kappa 0.858, which represents almost perfect agreement (Landis & 
Koch, 1977). 
 
2.3.2 Study characteristics 
Table 1 provides the summary information of individual studies. A total of 13 studies 
were included in the final analysis: seven cross-sectional studies (Astell-Burt et al., 2013; Bodin 
et al., 2015; Chum et al., 2015; Grigsby-Toussaint et al., 2015; Johnson et al., 2018; Singh & 
Kenney, 2013; Triguero-Mas et al., 2017), one case report (Rappe & Kivelä, 2005), and five 
intervention studies - three pre/post-test studies (Lee & Kim, 2008; López-Pousa et al., 2015; 
Morita et al., 2011), two randomized controlled trials (RCTs) (Dolling et al., 2017; Gladwell et 
al., 2016). 
For the cross-sectional studies, five studies (Astell-Burt et al., 2013; Chum et al., 2015; 
Grigsby-Toussaint et al., 2015; Johnson et al., 2018; Triguero-Mas et al., 2017) used objective 
green space measurement such as the data extraction from remote sensing images, while the 
other two studies (Bodin et al., 2015; Singh & Kenney, 2013) used subjective green space 
measurement such as a questionnaire. For the objective green space measurement, especially, 
there are four types of data sources: land use data (Astell-Burt et al., 2013; Chum et al., 2015; 
Triguero-Mas et al., 2017), Normalized Difference Vegetation Index (NDVI) (Grigsby-Toussaint 
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et al., 2015; Triguero-Mas et al., 2017), tree canopy (Johnson et al., 2018), and natural amenities 
index (Grigsby-Toussaint et al., 2015). 
 
Table 1 Summary characteristics of the studies examining green space and sleep 


















259,319 Middle age 
and Elderly 
Range: 45+ 
- Land-use data: Park land 
in Meshblock 
- 1km buffer of population 
weight centroid point for 
each census collection 
districts 
- Sleep Duration Question: 
About how many hours in 
each 24 h day do you usually 
spend sleeping? (<6, 7-8, 











65) - Land-use data (POI) 
- 250m buffer of home 
- 5 Quantiles classification 
- Sleep Duration Question: 
How long do you usually 
spend sleeping each night (≤6, 
[Ref.] 7, ≥8 hours) 
- Sleep Quality Question: 3 
sleep problem questions ([Ref.] 
none vs. more than one answer of 
















- County level analysis 
- Sleep Quality Question: 
During the past 30 days, for 
about how many days have 
you felt you did not get 
enough rest or sleep? ([Ref.] 1-












74) - Tree canopy from NLCD 
- Block group level analysis 
- Sleep Duration Question: 
(weekday vs. weekend) 
- Sleep Quality Question: 
Over the past month, How 
would you rate your sleep 







Mas et al., 
2017 


















(1) Residential availability 
- 300m network buffer with 
land use data  
(2) Residence surrounding 
greenness availability – 
300m network buffer with 
NDVI (Landsat satellite) 
(3) Contact to green space - 
land use data and 50m of 
each location (GPS) 
(4) Contact within 50m 
- NDVI and 50m of each 
location (GPS) 
- Sleep Quality Question: Did 
you sleep well last night? 















- Green Question: Does 
your (1) dwelling and (2) 
bedroom window have 
windows facing directly 
toward green space? 
- Sleep Quality Question: 
How do you usually sleep? 
(very poorly, poorly, not very 














(6-17) - Green Question (Yes/ No): Access to parks or 
playgrounds 
- Sleep Quality Question: 
Days of enough sleep 
(1) <5 days / week 




Table 1 Summary characteristics of the studies examining green space and sleep (continued) 




















Mean: 48 - Forest group (n=27) vs. 
handcraft environment 
(n=19) 
(1) Accelerometer: TTB, 













- Lunch time walking in 
green environment vs. built 
environment 





Pousa et al., 
2015 
Girona, Spain 30 
(F:30) 
62.3±7.7 - Aerobic Exercise program 
(walking) in forest 
(1) FIQR-SQ 


















Lee & Kim., 
2008 
Korea 23 NR 
Gardening program for the 
participants with dementia 
















participants with long-term 
care residents 
- Sleep Quality Question: 
Do you sleep better at night 
after visiting the garden? 
Abbreviations. FIQR: The Revised Fibromyalgia Impact Questionnaire; GPS: Global Positioning System; NDVI: Normalized 
Difference Vegetation Index; NLCD: National Land Cover Database; NT: Nap Time; PSQI: Pittsburgh Sleep Quality Index; 
RCTs: Randomized Control Trials; Ref.: Reference group; POI: Point Of Interest; TTB: Total time in bed; SE: Sleep Efficiency; 
SMHSQ: St. Mary’s Hospital Sleep Questionnaire; SO: Sleep Onset; SOL: Sleep Onset Latency; SQ: Sleep Quality; ST: Sleep 
Time; TST: Total Sleep Time; WASO: Wakefulness After initial Sleep Onset; WT: Wake up Time 
 
Regarding the study region, all cross-sectional studies were performed from western 
countries – Australia (Astell-Burt et al., 2013), Canada (Chum et al., 2015), Spain (Triguero-Mas 
et al., 2017), UK (Triguero-Mas et al., 2017), Netherlands (Triguero-Mas et al., 2017), Lithuania 
(Triguero-Mas et al., 2017), Sweden (Bodin et al., 2015), and the United States (Grigsby-
Toussaint et al., 2015; Johnson et al., 2018; Singh & Kenney, 2013). 
Of six green space intervention studies, three studies (Gladwell et al., 2016; López-Pousa 
et al., 2015; Morita et al., 2011) were walking programs, two studies (Lee & Kim, 2008; Rappe 
& Kivelä, 2005) were related to gardening, and one study (Dolling et al., 2017) for the work 
environment. Both gardening studies were published before 2010, while the others were 
published after 2010. The study periods of intervention studies varied (range from 1 day to 12 
weeks), and most of the studies were conducted in Europe - Finland (Rappe & Kivelä, 2005), 
29 
 
Sweden (Dolling et al., 2017), England (Gladwell et al., 2016), and Spain (López-Pousa et al., 
2015) and Asia - Korea (Lee & Kim, 2008) and Japan (Morita et al., 2011). The cross-sectional 
studies have a large sample size ranging from 406 (Triguero-Mas et al., 2017) to 259,319 (Astell-
Burt et al., 2013), while others had a relatively small sample size from 13 (Gladwell et al., 2016) 
to 71 (Morita et al., 2011). All studies were focused on adults, particularly the elderly, except for 
one cross-sectional study which focused on children (Singh & Kenney, 2013). 
Sleep questionnaires were the most widely used method for measuring sleep quality and 
quantity. Eleven studies used a sleep questionnaire to measure at least one aspect of sleep quality 
and or sleep duration. Most of the studies (Astell-Burt et al., 2013; Bodin et al., 2015; Chum et 
al., 2015; Grigsby-Toussaint et al., 2015; Johnson et al., 2018; Singh & Kenney, 2013; Triguero-
Mas et al., 2017) used one question to determine sleep quality or duration (e.g., did you sleep 
well last night?), but two studies (López-Pousa et al., 2015; Morita et al., 2011) used a complex 
questionnaire such as sleep index. The three sleep indexes used in the studies were: The Revised 
Fibromyalgia Impact Questionnaire (FIQR) (López-Pousa et al., 2015), St. Mary’s Hospital 
Sleep Questionnaire (SMHSQ) (Morita et al., 2011), and the Sleep Quality Index (PSQI) (Morita 
et al., 2011). Two studies (Dolling et al., 2017; Morita et al., 2011) used accelerometers to 
measure sleep duration – one study used an accelerometer in addition to a sleep questionnaire 
(Morita et al., 2011), while the other used accelerometer only (López-Pousa et al., 2015) - and 
one study used a sleep diary (Lee & Kim, 2008). 
Table 2 shows the results of the quality assessment of the studies selected for this review. 
The mean overall quality score is 8.385, and scores for all final articles ranged between four and 
11. Of a total thirteen articles, seven articles had a high quality (Astell-Burt et al., 2013; Chum et 
al., 2015; Gladwell et al., 2016; Grigsby-Toussaint et al., 2015; Johnson et al., 2018; López-
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Pousa et al., 2015; Singh & Kenney, 2013), five articles had moderate quality (Bodin, et al., 
2015; Dolling et al., 2017; Lee & Kim, 2008; Morita et al., 2011; Triguero-Mas et al., 2017), and 
one article had poor quality (Rappe & Kivelä, 2005). The most satisfied criteria was item 1, as 
following item 2 & 11, while item 9 is the least scored within the final articles. The inter-class 
correlation (ICC) between peer reviewers is 0.957. 
 
Table 2 Quality assessment of studies to determine the influence of green space on sleep 
Category Item Criteria Score mean 
Research 
purpose 
1 Was the research question or objective in this paper clearly stated and appropriate? 1.000 
Definition: 
Population  
2 Was the study population clearly and specifically defined? (e.g., eligibility or 
selection criteria) 0.923 
Definition: 
Green space 
3 Was Green space well defined? (e.g., background about green space, either 
measurements and program) 0.615 
Definition: Sleep 4 Was Sleep well defined? (e.g., background about sleep, sleep measurements) 0.692 
Sampling 5 Was the sample size sufficiently large to provide confidence in the findings? (i.e., 
Sample size justification, power description, or variance and effect estimates) 0.385 
 6 Was all the subjects OR cases and controls selected through valid, reliable, and 
implemented consistently? 0.846 
Measurements/ 
Intervention 
7 Was Sleep measurement well designed? (Valid, reliable, and consistently 
measurement) 0.615 
 8 Was Green space well designed? (Valid, reliable, and consistently measurement OR 
Well described the test/service/intervention and defined clear differentiation between 
case and control) 0.538 
Study design 9 Was sufficient timeframe to blind the association between the exposure and 
outcome? OR Were the people assessing the outcomes blinded to the participants? 0.154 
 10 Was the loss to follow-up after baseline 20% or less? Were those lost to follow-up 
accounted for in the analysis? 0.846 
Statistical 
analysis 
11 Appropriate statistical methods? Did the statistical methods examine changes in 
outcome measures? 0.923 
 12 Were key potential confounding variables measured and adjusted statistically in the 
analysis? 0.846 
  Total study quality score by summing up items 1–12 8.385 
(range: 4-11) 
 
Table 3 provides a summary of the results of each study to show the impact of green space 
exposure on sleep quality and quantity. Six cross-sectional studies out of seven show a somewhat 
positive association between green space exposure and at least one sleep outcome, while one study 
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reports that there is no statistically significant relationship. All five intervention studies show a 
positive influence of green space on sleep, but the work environment intervention itself has a 
negative association with sleep. Case report only reports results about sleep, and it is not possible 
to perform any statistical analysis. Table 3 also shows the quality score for each study to estimates 
its quality and significance. 
 







10 [+] More green space is associate with the lower risk of short sleep [Ref. 8 hours] 
(6-7 hours: RRR = 0.92, 95% CI = 0.87-0.98; <6 hours: RRR = 0.81, CI = 0.69-0.96) 
[NS] More green space is not associate with the longer sleep (>8 hours) 
Chum et al., 
2015 
10 [NS] Green space is not associate with the short sleep duration (≤6 hours) [Ref. 7 hours] 
Q5(highest green) vs Q1 (lowest green): OR=1.16, 95%CI = 0.99-1.35 
[NS] Green space is not associate with the long sleep duration (≥8 hours) [Ref. 7 hours] 
Q5(highest green) vs Q1 (lowest green): OR=1.09, 95%CI = 0.95-1.25 
[NS] Green space is not associate with the sleep problem [Ref. none] 




11 [+] The access to green space (NDVI) is associated with the lower risk of insufficient sleep 
[Ref. 1-6 days] (21-29 days: OR= 0.991, 95% CI=0.986-0.996) 
Johnson et 
al., 2018 
10 [+] Increased tree canopy is associated with lower odds of short weekday sleep [Ref. 7-8 
hours] (<6 hours: OR = 0.76, 95% CI = 0.58-0.98) 
[NS] Tree canopy is not associated with the short weekend sleep [Ref. 7-8 hours] 
(<6 hours: OR = 0.86, 95% CI = 0.59-1.24) 
[NS] Tree canopy is not associated with  poor sleep quality [Ref. 7-8 hours] 
(OR = 1.01, 95% CI = 0.79-1.29) 
Triguero-Mas 
et al., 2017 
8 [NS] Presence of green space is not statistically associated with sleep quality 
[+] Surrounding green space contact is d with  sleep quality (IRR=1.92) 
Bodin et al., 
2015 
6 [+] Bedroom facing green space is associated with the lower risk of poor sleep quality (OR = 
0.78, 95% CI = 0.64–1.00, p = 0.048) 
[NS] Windows facing green and poor sleep quality: OR=0.86, 95% CI = 0.68–1.09). 
Singh & 
Kenney, 2013 
9 [+] Neighborhood accessibility to park and playground is associated with the lower risk of 
inadequate sleep (<5 days/week of adequate sleep: OR = 1.20, 95% CI= 1.04-1.38) 
[NS] Neighborhood accessibility to park and playground is not associated with the risk of 












Dolling et al., 
2017 
7 [NS] Actual sleep time was increased for the forest group (00:08:17), while decreased for the 
non-green indoor handicraft environment group (-00:12:12); but there is no statistically 
difference between group after visiting (p=0.96) 
[NS] Both group increased the total time in bed and decreased the sleep efficiency after their 
visiting, but also no statistically significance (TTB: p=0.39, SE: p=0.89) 
[+] Sleep latency is less increased for forest group (+00:05:05) than non-green group 
(+00:09:11), and it is statistically significant (p=0.02) 
Lee & Kim., 
2008 
7 [+] Indoor gardening is associated with reduced WASO both frequency (t=3.568, p=0.002) 
and duration (t=2.781, p=0.011) 
[+] Indoor gardening is associated with less nap time (t=7.933, p<0.001) and frequency 
(t=6.48, p<0.001), while more nocturnal sleep time (t=3.493, p=0.002) and sleep 
efficiency (t=3.048, p=0.006) without the difference of total sleep time (t=0.030, p=0.976) 
Rappe & 
Kivelä, 2005 
4 - 17 out of 26 garden visiting participants (65.4%) reports that their night sleep get better. 
Gladwell et 
al., 2016 
10 [NS] Lunch time walking in green environment (425±77.1 min.) is not significant in sleep 
time (F=0.909, p=0.368) compared to the built environment walking (445±57.7 min.) 
López-Pousa 
et al., 2015 
10 [NS] Walking in both young forest and mature forest is not association with sleep quality: 
(Total difference: -1.4±3.6, young forest: -0.9±3.19, mature forest: -1.8±4.1) 
[+] Forest walking in mature forest is associate with the decreasing of days of insomnia: 
(Difference: -4.7±6.4, p<0.05) 
Morita et al., 
2011 
8 [+] Forest walking is associated to the better sleep outcome: actual sleep time (+ 53.9 min, 
p=0.02), immobile time (Accelerometer: +53.9 min., p = 0.02), self-rated depth of sleep 
(+0.4 out of 7 score, p = 0.03)† , sleep quality (+0.3 out of 6 score, p = 0.04) 
[+] Afternoon walking is better than morning walking for actual sleep time (+ 126.9 min, 
p=0.005) and immobile time (Accelerometer: +127.5 min., p = 0.006) 
[+] Positive association between green space and better sleep; [NS] No association between green space and better 
sleep; 
[-] Negative association between green space and better sleep ; † Higher score indicates the better score 
Abbreviations. RRR: Relative Risk Ratio, OR: Odds Ratio 
 
2.3.3 Objective green space measurement 
As technology has developed, GIS has made it possible to capture the quantity and 
quality of environments via remote sensing images. From the review, a total of five studies were 
used for objective green space measurement to evaluate the neighborhood green space exposure 
on sleep quality or quantity. 
Research from Astell-Burt and colleagues (2013) was the first investigation about the 
influence of green space on sleep duration with the usage of objectively measured green space. 
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With the 45 and Up study, which is a national survey in Australia, the research team examined 
whether neighborhood green space is a health promoter for a lower risk of short sleep duration. 
As a condition of the most healthy sleep duration, they used 8 hours of sleep as a reference group 
and then compared with four categories of sleep duration. For green space exposure, they built a 
1 km buffer based on the population weight centroid in census districts for each participant and 
then measured the percentage of parkland. The parkland is derived from the Mesh block of land-
use data, and they did not include farmland. Results showed that people who live in more than 80% 
of green space had a lower risk of short sleep (<6 hours: RRR = 0.81, 95% CI = 0.69, 0.96) and 
mid-short sleep (6-7 hours: RRR = 0.92, 95% CI = 0.87, 0.98) after controlling for socio-
demographic and psychological variables. As the percentage of neighborhood green space 
increased, short sleep risk decreased, while long sleep risk increased; however, this was not 
statistically significant. 
In 2015, two research studies from Canada and the United States followed Astell-Burt's 
work (Astell-Burt et al., 2013). Chum et al., used survey data on Toronto, Canada to examine 
whether green space influences sleep duration and sleep problems (Chum et al., 2015). They 
followed Astell-Burt’s study in many ways but also made several modifications such as 1) 250m 
buffer of home, 2) land-use with the point of interest (POI), and 3) five class natural breaks. This 
is different from Astell-Burt's methods such as 1) 1km buffer of population centroid, 2) land-use 
from census block, and 3) 5 breaks - equal interval. The results were different also. Although 
residence in an area with lower density of green space was associated with a higher odds of 
short-sleep, it was not statistically significant (Q1-lowest density vs. Q5-reference:  OR=1.16, 
95%CI=0.99, 1.35). Likewise, there is no significant difference in the sleep duration between 
Q1-lowest density and Q5-reference (OR: 1.27, 95% CI=0.94, 1.70). 
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Grigsby-Toussaint and colleagues (2015) extended the idea from the literature in aspects 
of methodological approaches about both green space and sleep measurement. The first 
innovative thing in the research is that they used the NDVI that is derived from the remote 
sensing image to capture the more accurate and objectively measured vegetation level. 
Regarding sleep measurement, they used the sleep question (i.e., the days of insufficient sleep) to 
capture the subject's self-reported sleep quality. Regardless of the enhanced methodological 
approaches, there is a consistent result from the previous literature. Specifically, the individuals 
who suffered 1 to 6 days of insufficient sleep had a lower green space exposure than those with 
21-29 days of insufficient sleep (OR= 0.991, 95% CI=0.986-0.996). From the stratified analysis 
result, moreover, the sleep insufficiency for men or older adults is attenuated by the green space 
accessibility. 
Triguero-Mas et al. (2017) and 26 other researchers from 12 institutions were involved in 
investigating the impact of the natural environment on mental health. A survey was administered 
in 4 countries in Europe and consisted of a final sample of 406 adult participants (n: Spain=107, 
UK=90, Netherlands=105, and Lithuania=104). The research team examined the influence of 
green space on sleep quality  by using two approaches of green space measurement ([1] 
residential availability from the home-based buffer and [2] the contact from GPS based buffer) 
and two types of data sources ([a] land use of green and blue space and [b] NDVI). The results 
were different depending on the type of green space measurement and data source. To be specific, 
there was not a statistically significant association between the residential based green space 
measurements and sleep quality, while the surrounding green space (50m network buffer) that 
measured using by GPS trajectory was significantly associated to sleep quality. From the NDVI-
based measurement, contact with the surrounding greenness showed a consistent significant 
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positive association regardless of any stratified model, while contact with green and blue space 
(land use) was only significant for two particular stratified models (male: IRR=0.74, 95% 
CI=0.58, 0.96; higher education group: IRR=0.78, 95% CI=0.62, 0.97). 
Johnson et al. (2018) conducted the most recent study to examine the influence between 
neighborhood green space exposure on sleep by using the health survey in Wisconsin, US. There 
are some methodological similarities with the work from Astell-Burt (2013) (e.g., block group 
analysis and sleep duration) and Grigsby-Toussaint et al. (2015) (e.g., self-rated sleep quality), 
but the work was unique in several ways, such as [1] the addition of the measurement of noise, [2] 
the separation of weekday and weekend sleep duration, and [3] the usage of new green space 
data source - tree canopy. Green space criteria was empirically defined as more than 10% of tree 
canopy arbitrary, which is a place with one-third of participants. The result indicated that the 
more green space exposure is associated with the less short weekday sleep (OR=0.76, 95% 
CI=0.58, 0.98), while no significant with the short weekend sleep (OR=0.86, 95% CI=0.59, 1.24) 
and poor sleep quality (OR=1.01, 95% CI=0.79, 1.29) after controlling for the variables. 
 
2.3.4 Subjective green space measurement 
Although objective measurement is considered a more accurate and unbiased method in 
health research, subjective green space measurement can be used effectively in order to describe 
the individual’s perception and experience about green space exposure. Two articles (Bodin et al., 
2015; Singh & Kenney, 2013) used subjectively measured green space (i.e., questionnaire). 
Singh and Kenney (2013) were among the first to examine green space accessibility as 
one of the neighborhood determinants of sleep problems before Astell-Burt (2013), and also the 
only study to target children. All health and socio-demographic variables were derived from the 
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2007 National Survey of Children’s Health (NSCH). Of these, sleep variables were categorized 
based on days of enough sleep per week, specifically five days or seven days, while green space 
was measured as a dichotomous variable based on access to neighborhood parks or playgrounds. 
The results showed that children with limited access to parks (a proxy for green space) were 1.2 
times more likely to have 3 or more days of insufficient sleep per week. 
Bodin et al. (2015) focused on the influence of noise on sleep and concentration, but also 
measured green space near home as a suppressor of the noise exposure. Based on the comparison 
between green space exposure and the noise decibel level, the high decibel dwellings showed 
less proportion of bed windows facing green space. Two questions about home-based green 
space measurement (home window and bedroom window facing the green space) were 
conducted to examine the benefit of green space exposure in relation to sleep quality. Findings 
showed that bedroom windows with green space attenuated the risk of poor sleep quality 
(OR=0.78, 95% CI, 0.64, 1, p=0.048). 
 
2.3.5 Green space intervention: Walking program in green space 
Green space exposure, especially forest, has been considered as an excellent 
environmental resource to improve the level of physical health and also mental health. In our 
review, there are three green space walking intervention studies included. 
In 2012, Morita et al. first investigated forest-air bathing -‘Shinrin-yoku’ - for a sleep 
intervention program (Morita et al., 2011). A total of 71 participants (85.5% out of 83 baseline 
participants) completed the study during the eight weeks of intervention, and 42 of the 
participants wore an accelerometer. In addition to the accelerometer to measure actual sleep time, 
the authors also included two sleep questionnaires - St. Mary’s Hospital Sleep Questionnaire 
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(SMHSQ) and Pittsburgh Sleep Quality Index (PSQI) (references for these here). Generally, all 
of the sleep parameters were improved after the forest walking session, but statistically 
significant results were only found for actual sleep time (increasing of 53.9 min, p=0.02), 
immobile time (increasing of 53.9 min., p = 0.02), self-rated depth of sleep (0.4 increase out of 
total score 7, p = 0.03), sleep quality (0.3 point increase out of total score 6, p = 0.04). Moreover, 
afternoon walking sessions showed better improvement than morning sessions for sleep quantity: 
actual sleep time (increasing of 126.9 min, p=0.005) and immobile time (increasing of 127.5 
min., p = 0.006). 
Research from López-Pousa et al. (2015) focused on the well-being of patients with 
fibromyalgia through a forest exercise program (López-Pousa et al., 2015). In this study, a total 
of 30 elderly females who had fibromyalgia were assigned into two forests (young and mature) 
and then participated in 1-hour sessions between 5pm and 6 pm for five days. Sleep 
questionnaire were measured by Revised Fibromyalgia Impact Questionnaire (FIQR) at the first 
and last day of session. Although the sleep quality score was decreased at the end point of 
intervention, it was not statistically significant. However, walking in a mature forest had a 
positive influence to reduce the risk of days of insomnia (Difference: -4.7±6.4, p<0.05). 
Gladwell and colleagues (2016) evaluated the physiological effects of lunchtime walking 
on nighttime sleep. A total of twelve participants completed a one-time session of walking in 
green or a regular built environments, and were randomly assigned in two groups for the 
sequence of the walking program with at least seven days of a session break. Although the green 
environment program showed the long-lasting physiological effects of green exercise via heart 
rate variability, participants walking in a regular built environment had  longer sleep duration, 
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but there was no statistically significant difference in sleep duration between the interventions 
(F=0.909, p=0.368). 
2.3.6 Green space intervention: Gardening program 
From the systematic literature review, two selected articles were identified that relate to 
garden visiting programs and sleep. These studies were performed with the patients who stayed 
at a health care facility.  
Rappe and Kivelä (2005) focused on the influence of the landscape of the garden on sleep 
via case report, so the study was limited due to the absence of a control group. There is only a 
simple report that 17 (65.4%) out of 26 long-term care (2 males, 24 female) residents had sleep 
improvement at night after visiting the garden, and there was no difference between depressed 
and non-depressed participants. 
Another study was more related to vegetable gardening. Lee and Kim (2008) examined 
whether the indoor gardening program for dementia patients improves their sleep, agitation, and 
cognition. A total of 23 patients selected either the edible dropwort or bean sprout for their 
indoor gardening. All patients showed significant improvement on their sleep as follows; 
reduced WASO frequency (t=3.568, p=0.002), reduced WASO duration (t=2.781, p=0.011), less 
nap time (t=7.933, p<0.001), less nap frequency (t=6.480, p<0.001), more nocturnal sleep time 
(t=3.493, p=0.002), and better sleep efficiency (t=3.048, p=0.006). 
 
2.3.7 Green space intervention: working in forest 
Dolling et al. (2017) examined the stress relaxation effects of the natural environment. 
With the assumption that the outdoor forest environment is more beneficial for mental health 
than the indoor environment, they randomly assigned 43 high-stress level participants into two 
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intervention groups: forest and indoor craft environment. Both interventions were negatively 
associated with improved sleep. Although actual sleep time increased for the forest intervention 
(8m 17s) and decreased for indoor handicraft environment (12m 12s), the total time in bed for 
both interventions increased, but there was no statistical difference between interventions 
(p=0.96). Only sleep latency for participants in the forest intervention group (5m 5s) was 
significantly less compared to the non-green group (time difference = 4m 6s, p=0.02) 
 
2.4 DISCUSSION 
In general, 6 out of 7 cross-sectional studies (Astell-Burt et al., 2013; Bodin et al., 2015; 
Grigsby-Toussaint et al., 2015; Johnson et al., 2018; Singh & Kenney, 2013; Triguero-Mas et al., 
2017) and 5 intervention studies (Dolling et al., 2017; Y. Lee & Kim, 2008; López-Pousa et al., 
2015; Morita et al., 2011; Rappe & Kivelä, 2005) demonstrated the influence of green space on 
sleep outcomes. From the review, we found that the amount of green space is associated with a 
decreased risk of short sleep and poor sleep quality. 
Among the indicators of sleep, six studies examined the sleep quality, and two of them 
(Bodin et al., 2015; Grigsby-Toussaint et al., 2015) reported a positive association with statistical 
significance; two studies are varying based on the measurement methods (Singh & Kenney, 2013; 
Triguero-Mas et al., 2017); while other studies (Chum et al., 2015; Johnson et al., 2018) reported 
that there was no statistical significance on poor sleep quality. One difference that we found 
between the results is the measurement methods of sleep quality. In contrast to the quantified 
measures of insufficient sleep with specific periods (Bodin et al., 2015; Grigsby-Toussaint et al., 
2015) such as days of insufficient sleep during the week or the month, other two studies (Chum 
et al., 2015; Johnson et al., 2018) used dichotomized measurements to measure the sleep quality 
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(e.g., one more poor sleep question or none, poor vs other). Measurement methods are also 
significantly influences on the result regarding green space and sleep quality research. Triguero-
Mas et al. (2017) showed that the green space measures with GPS had a positively association 
with sleep quality, while residence-based measures had no significant.  Singh et al. (2013) also 
showed that using the different criteria about adequate sleep (i.e., 5 days of adequate sleep vs. 7 
days of adequate sleep) caused the difference result of sleep quality. 
Three cross-sectional studies (Astell-Burt et al., 2013; Bodin et al., 2015; Johnson et al., 
2018) investigated the influence of green space on sleep duration. Two of them (Astell-Burt et al., 
2013; Johnson et al., 2018) showed the positive association between less green space and short 
sleep duration, while another (Chum et al., 2015) reported no significance between them. 
Specifically, Johnson and colleagues (Johnson et al., 2018) indicate that the influences are 
significant for weekday short sleep rather than weekend short sleep. Interestingly, there was no 
association between green space and longer sleep duration (Astell-Burt et al., 2013; Chum et al., 
2015). 
The green space program interventions for sleep is relatively brand new compared with 
other green space interventions such as for the physical activity or mental health. From our 
review, four intervention (Dolling et al., 2017; Y. Lee & Kim, 2008; López-Pousa et al., 2015; 
Morita et al., 2011) studies out of five supported the evidence about the positive influence of 
green space and three of them (Lee & Kim, 2008; López-Pousa et al., 2015; Morita et al., 2011) 
reported the improvement of either sleep quality or quantity. Crafting environment study 
(Dolling et al., 2017) reported the negative influence of the program on sleep quality and 




Lastly, we synthesize extensive research perspectives and methods related to green space 
and sleep into the conceptual framework below (Figure 4). 
 
Figure 4 Summary frameworks between green space and sleep 
 
There are some limitations of our review. First, there are insufficient studies to compare 
each other in terms of same measurement methods for green space and sleep and statistical 
analysis, and to process the meta-analysis. Although a meta-analysis is available to when they 
have more than two studies, all of the studies identified from the results used different methods 
of either green space or sleep measurement. For example, two studies used both NDVI as green 
space measurement and sleep quality measurement; however, these studies are not comparable 
statistically because of different statistical methods (Incidence Rate Ratio from poison regression 
and Odds Ratio from the logistic regression). Although another study also used Relative Risk 
Ratio that is comparable with the Incidence Rate Ratio, one study measured sleep duration, while 
others measured sleep quality. The different units of spatial analysis are also the reason why it is 
limited to compare directly; even if they use the same land cover derived green space 
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measurement. However, all seven cross-sectional studies of our review used different statistical 
methods (Odds Ratio, Relative Risk Ratio, and Incidence Rate Ratios) and measurement 
methods. Therefore, meta-analysis is not feasible from the current review. 
Meanwhile, there are few interventions program in green space that has been published in 
peer-reviewed journals, so we were limited regarding the small number of articles in the study. 
Although there are three walking intervention studies in our review, we were not able to compare 
because there are difference in the intervention methods socio-culturally and geographically. 
Specifically, the activity pattern and climate varied based on the country or the community, and 
the definition of green space also slightly different. For example, the forest walking program in 
Japan that was conducted,"Shinrin Yo-ku", which means the forest-air bathing, with 2-3 guides; 
while the lunchtime green space-walking program in England and the forest exercise program 
were designed as exercise interventions. Therefore, we could not directly compare green space 
intervention programs. 
Notwithstanding, the current study has several strengths. This study is the first review 
that focuses on the influence of green space on sleep. The findings indicate various approaches 
of green space measurement, both objectively and subjectively that account for sleep quality and 
quantity. Our study extends the methodological application regarding spatial analysis in further 
research that measures environmental influence. Specifically, our review focuses on not only the 
direct association between green space and sleep from the cross-sectional study but also 
illustrates the existing green space-related intervention program. In addition to the findings from 
the cross-sectional study review, the extension of the article potentially contributes to 
establishing a new method of sleep interventions with green space. Along with the development 
of technology and research methods such as higher resolution satellite image and more 
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specifically designed surveys the findings provide a milestone for future research evaluating the 
effectiveness of sleep interventions using green space. 
 
2.5 CONCLUSION 
The purpose of the review was to investigate the influence of green space exposure on 
sleep and to explore the existing green space program intervention to improve sleep. From the 
total of 13 articles that satisfied the selection criteria, six cross-sectional studies, and five 
intervention studies supported the evidence of the positive association between green space 
exposure and sleep. We also identified three types of intervention methods for better sleep 
studies; these methods will provide better options for future studies regarding green space 
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CHAPTER 3: AN EXAMINATION OF SOCIO-ENVIRONMENTAL INFLUENCES ON 
EXERCISE AND HEALTH OUTCOMES IN ILLINOIS: SPATIAL BOUNDARIES 
MATTER FOR COMMUNITY GREEN SPACE MEASUREMENT 
 
ABSTRACT 
Introduction: Green space exposure has been regarded as having a positive influence on 
physical activity behavior and overall health. However, the literature remains equivocal. 
Moreover, green space measurement remains complicated due to the uncertainty of geographical 
context and modifiable areal units problem; thus, observed associations between green space and 
health outcomes may be under- or overestimated.  
Objectives: This study aims to: 1) investigate major socio-economic risk factors that are 
related to various health outcomes, 2) explore the appropriate methods of community green 
space measurement regarding spatial boundary and data type, and 3) examine the relationship 
between exercise and community green space. 
Methods: Socio-demographic and health outcome variables were derived from the 2010-
2015 Illinois Behavioral Risk Factor Surveillance System (IBRFSS), and two types of green 
space measurements, using the NDVI (maximum NDVI and Time-Integrated NDVI) from 
MODIS censor from Aqua satellite were derived. To calculate community green space, three 
spatial boundaries were used: one geographical context considered spatial boundary (place) and 
two advanced spatial boundaries that are based on administrative units (aggregation from block 
group) and residential area (1 household per 1 hectare, 1 household per 10 hectares). T-tests were 
performed to examine the differences between urban and rural counties. Multiple regression 
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analysis was performed to identify the socio-economic factors that were associated with various 
health outcomes. 
Results: A total of 95 (20 urban, 75 rural) out of 103 Illinois counties were included in 
our final analysis. Urban counties in Illinois were more racially diverse (t=-8.869, p<0.001), with 
higher overall levels of education (t=-6.644, p<0.001), and less elderly than rural counties (t=-
6.686, p<0.001). Counties with higher concentrations of smokers and lower levels of high 
educational attainment had higher rates of heart disease (F=3.8, p<.001, R2=.298), while less 
elderly and higher levels of poverty were associated with higher rates of poor mental health 
(F=5.048, p<.001, R2=.414). Among various spatial boundaries, place was better at capturing the 
area which is related to actual human activities, compared to the population-weighted 
administrative units spatial boundary. Regarding green space measurement, time-integrated 
NDVI is significantly associated with exercise behavior, while maximum NDVI was not.  
Conclusion: We investigated the environmental influences of green space on exercise 
and the influences of various green space measurement methods. We propose the notion of 
community green space to capture the actual human activity with the consideration of the 
uncertain geographic context problem. This study will further contribute to a better 





Green space, which is defined as an area covered by trees, grassland, shrubs, and other 
plants, has been considered as one of the key environmental factors that influence human 
behavior and health status (Coutts, Chapin, Horner, & Taylor, 2013; Grigsby-Toussaint, Chi, & 
Fiese, 2011; Wheeler et al., 2015). For example, a higher density of green space (Chi, Grigsby-
Toussaint, Bradford, & Choi, 2013; Michimi & Wimberly, 2012), including the higher 
proportion of street trees (Lovasi et al., 2013) is associated with lower rates of obesity - a 
precursor of many major chronic diseases. In addition, people who live in close proximity to 
higher density of green space have been shown to have  lower risk of heart diseases (Villeneuve 
et al., 2012) and mental health (Alcock, White, Wheeler, Fleming, & Depledge, 2014; Astell-
Burt, Mitchell, & Hartig, 2014; Richardson, Pearce, Mitchell, & Kingham, 2013). Green space 
accessibility has also been shown to have an inverse association with cardiovascular disease 
(Tamosiunas et al., 2014) and stress(Fan, Das, & Chen, 2011), while enhancing general health 
(Maas, Verheij, Groenewegen, de Vries, & Spreeuwenberg, 2006), mental health (Nutsford, 
Pearson, & Kingham, 2013), and overall well-being (Wheeler et al., 2015). 
The evidence of the influence of green space on physical activity and exercise, which is a 
subset of physical activity (Caspersen, Powell, & Christenson, 1985), remains equivocal. Several 
studies have shown that the amount of neighborhood greenness (Grigsby-Toussaint et al., 2011; 
Houston, 2014) and natural environments (Michimi & Wimberly, 2012) are positively associated 
with increased levels of physical activity in children and adults. In addition to the amount of 
green space, moreover, accessibility to green space is also associated with increases in walking 
and cycling (Charreire et al., 2012) and moderate-to-vigorous physical activity (MVPA) 
(Coombes, Jones, & Hillsdon, 2010; Coutts et al., 2013). Chaix et al. also showed that the quality 
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of green and open spaces encouraged more recreational walking as much as the absence of 
exposure to air traffic (Chaix et al., 2014). In contrast, Hilsdon et al. (2006) have argued that 
there is no evidence to support the public health value of urban green spaces on population levels 
of physical activity. Maas et al. (2008) also indicated that the amount of green space has no 
significant effect on sports, and even reduces leisure-time physical activity such as walking and 
cycling. Moreover, Ord et al. (2013) found that individuals living in the greenest neighborhood 
were less likely to meet guidelines for walking. In addition, the equivocal evidence of mediating 
effect of exercise between green space and health outcomes may also lead to controversy. For 
example, Richardson et al. (2013) have shown that physical activity partially mediates the 
relationship between green space and chronic diseases. On the contrary, the mediation effect of 
physical activity was not well-explained for health indicators (de Vries, van Dillen, 
Groenewegen, & Spreeuwenberg, 2013) and participant’s well-being (van Herzele & de Vries, 
2012). 
One possible reason for the equivocal relationship between green space, exercise, and 
health outcomes may be due to the lack of knowledge about the misuse of geographic measures. 
One of the phenomena of frame dependency in geographic measurement is the modifiable areal 
unit problem (MAUP) which means that the results may differ by different zoning or scaling of 
the geographical variable (Openshaw, 1984; Tobler, 1989). For example, there are different 
results in built environment measurement depending on zoning (e.g., population density, grid vs. 
buffer) or scaling (e.g., different buffer size) (Clark & Scott, 2014; Mitra & Buliung, 2012). 
Houston (2014) illustrated the difference of green space zoning between buffer and grid and how 
it differently influences level of physical activity. In addition to MAUP, the uncertainty of 
geographical context problem (UGCoP) should be considered (Kwan, 2012). Specifically, 
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environmental exposure is not only affected by residential area based measures, but also daily 
activity (Kwan, 2013). An individual’s daily area of mobility should be required to estimate 
actual daily activity, so the establishment of the proper spatial boundary is very important (Kwan, 
2018b). However, administration based spatial units are limited for discovering the type and 
pattern of human activity in certain areas (Kwan et al., 2019). Moreover, there has been little to 
no research to consider the proper spatial boundaries of green space measurements in terms of 
integration with population level health data. 
Therefore, we clarify the role of green space near residential areas as a location for 
physical activity and explore the mediating effect of exercise for heart diseases, mental health, 
and asthma. Specifically, we attempt to address the following: 1) to determine the key 
community-level risk factors associated with each chronic disease, 2) to explore the proper 
methods of green space measurement regarding spatial boundary and data type, and 3) to 
examine the relationship between community green space and exercise. We hypothesize that 1) 
there is at least one major socio-demographic or environmental factors that affect health status, 2) 
varying green space measurements (i.e., maximum NDVI vs time-integrated NDVI) will have 




The analysis of this study focused on the state of Illinois. Illinois is the sixth largest state 
in the US (US Census, 2018a) and has a similar racial pattern to the entire United States. 
Specifically, according to the American Community Survey, approximately 61% of the 
population in Illinois identifies as non-Hispanic White, 14.6% identifies as non-Hispanic Black, 
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5.9% as non-Hispanic Asian, and 17.4% as Hispanic. This distribution represents a similar 
racial/ethnic distribution to the entire US population - 60.4% non-Hispanic White, 13.4% non-
Hispanic Black, 5.9% Asian, and 18.3% Hispanic (US Census, 2018b). Consistent with the US 
Census Bureau, the Illinois Department of Public Health (IDPH) classifies rural counties as 
counties that are not part of a metropolitan statistical area (MSA) or counties that are part of the 
MSA but have a population of less than 60,000. Of the 102 counties in Illinois, based on the 
classification, 19 are classified as urban and 83 as rural.  
 
3.2.2 Data sources 
The Behavioral Risk Factor Surveillance System survey (BRFSS) was used to obtain 
socio-demographic and health outcome information. The BRFSS is an extensive, repeated cross-
sectional health survey that provides health information that includes health behavior, socio-
demographic, and disease status data, and is conducted every year by the Centers for Disease 
Control and Prevention (CDC) and local government agencies. IDPH, which is a local 
government agency, has a repository of county-level data. Our study included round 5 Illinois 
BRFSS data (between 2010 and 2014) that was collected from Illinois adult residents aged 18 
years or older (Illinois Department of Public Health., 2017). Out of 102 counties, the Illinois 
BRFSS dataset (IBRFSS) consists of 95 counties based on the IDPH’s administrative district 
based on population. For example, Cook County which has the largest population in Illinois was 
divided as Chicago and Sub-Chicago area, while ten other small populated counties were 
categorized as "South seven counties" or "Egyptian Health Department". Although the dataset is 
publicly available, data is only provided as a read-only web browser (Javascript). Therefore, the 
following R-studio packages for web-crawling were used to acquire a readable dataset: “rvest 
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(Wickham, 2016)”, “XML (Lang & R CRAN Team, 2017)”, and “RCurl (Lang & R CRAN 
Team, 2016)”. 
TIGER/Line® shapefiles and files with selected demographic and economic data derived 
from the 2007-2011 American Community Survey (ACS) were used to delineate spatial 
boundaries for residence-based area and context-based area. The ACS data (US Census, 2019) 
provided various demographic and economic information such as sex, age, race, household, and 
poverty status, so it is also used as reference to socio-demographic distribution for each county 
of IBRFSS data. The initial unit of analysis for the residence-based area is “block group” which 
is the smallest geographical unit, and it aggregates into larger spatial units such as a county.  
Green space exposure, measured as the relative amount of vegetation in the study area, 
was derived from the Moderate Resolution Imaging Spectroradiometer (MODIS) which is from 
the National Aeronautics and Space Administration's (NASA) Earth Observing System (EOS) - 
AQUA satellite. The MODIS uses satellite imagery to aggregate and integrate land cover 
information at the national scale, and its resolution consists of the proportion of each 250x250 
meter area covered by tree canopy. NDVI images were downloaded from Earth Explorer (USGS, 
2019) provided by the U.S. Geological Survey (USGS). Two NDVI measures were used to 
derive green space exposure: Maximum NDVI (MN) and Time-Integrated NDVI (TIN). 
Maximum NDVI, which is based on the highest point from the time series in daily or monthly 
NDVI values during the year, can be inferred as the maximum level of vegetation in a spatial 
area; while TIN, which is based on the phonological idea, represents the average greenness 
during the plant's entire growing season. Both NVDI measures range in score between 0 to 100 




3.2.3 Spatial boundary for community green space: block group - residential based areal vs place 
- contextual based area 
Two concepts of spatial boundary were established to examine community green space 
assessment with consideration of the UGCoP. First, we used the modified definition of 
residential density to develop the residential area based boundary. The original definition of 
residential density by Sierra Club (Sierra Club, 2016) is one household per acre as the lowest 
density of single-family dwellings in suburban sprawl. However, approximately 1/5 of counties 
in Illinois (n=18) do not have at least one block group (Figure 5); therefore, this definition was 
not suitable for the census block group level analysis. Two modified criteria of residential 
density - “at least one household per 10 hectares” and “at least one household per 1 hectare” - 
were used in the analysis. Second, we used the "census place", which is defined as the 
concentration of population which is organized independently, named, and locally recognized. 
From this definition, census place can conceivably encompass practical areas where people live 
or work, and this is closely connected to daily human activity and an individual’s potential 





Figure 5 Spatial boundaries in Illinois: residential base vs context base 
 
3.2.4 Socio-demographic variables 
Socio-demographic variables were used as major independent or control variables. 
Except for urbanicity (urban=1, rural=0), all variables were included as percentages of the 
following: age (65 years or older), sex (female), race (white), poverty (income less than $15,000), 
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employment (employed), education (less or equal to high school degree), children (household 
with more than one child), smoke (non-smoker), alcohol. Poverty was defined as household 
income less than $15,000 per year based on the 2011 poverty guidelines for two-person 
households (U.S. Department of Health and Human Services, 2011). Definitions of rural counties 
were based on the IDPH stratified county categories of rural counties. Variables related to 
marital status were excluded due to large amounts of missing data and the high levels of 
collinearity with other covariates. 
 
3.2.5 Health behavior and health outcome variables 
As independent variables, three health behaviors (smoking, alcohol, and exercise) and 
one health condition (obesity) were included in the analysis, and these were based on self-
reported questionnaires. The smoking represents the non-smoker population which only included 
persons who never smoked, while alcohol consists of the proportion of people who are at risk for 
chronic drinking. The prevalence of obesity was based on the number of individuals falling into 
specific weight categories based on self-reported Body Mass Index (BMI), which is calculated 
based on heights and weights. BMI is classified by the following criteria – underweight: under 
18.5, normal weight: 18.5 to 25, overweight: 25 to 30, and obese: over 30. The exercise variable 
was constructed from the only physical activity related question in the IBRFSS (i.e., “During the 
past month, other than your regular job, did you participate in any physical activities or exercises 
such as running, calisthenics, golf, gardening, or walking for exercise?”), and this was used as 
both independent variable and dependent variable depending on the purpose of analysis. 
Three health outcomes - heart disease, mental health, and asthma, which are assumed to 
be influenced by green space, were used as the dependent variables. All data represent the 
65 
 
percentage of individuals diagnosed with the condition in each county. Coronary heart disease 
and asthma were based on the self-reported diagnosis from medical professionals, while the 
mental health outcome came from the percentage of respondents who had experienced more than 
seven days in the past 30 wherein their mental health was not good. 
 
3.2.6 Green space variables and geospatial analysis 
The green space variable was measured through NDVI derived from remote sensing 
images, and there are a total of 6 combinations of measurement for two NDVI type and three 
spatial boundaries for the study. As explained in section 2.3, spatial boundaries (i.e., entire 
county, 1 household/10 hectare, place, and 1 household/1 hectare) were used to examine the 
zoning/scale effect and contextual uncertainty, while NDVI types were focuses on the contextual 
aspects of green space measurement. Out of 95 counties, four counties (Calhoun, Henderson, 
Scott, Stark County) did not have at least one block group that satisfied the criteria of one 
household per one hectare, and Scott County does not meet the criteria for 10 hectares as well. 
These counties were excluded in further analysis. All geoprocessing and spatial analyses were 
performed through ArcGIS 10.4. 
 
3.2.7 Statistical analysis 
RStudio 1.0.143 (R Core Team, 2017) was used to perform descriptive statistics, t-tests, 
and multivariate regression analysis. In addition to the descriptive statistics, the two-sample t-test 
between urban and rural areas was performed to examine its disparity; comparing aspects of 
socio-demographic, health outcomes, and green space within each spatial boundary and two 
types of NDVI. The Levene's test was performed to check the equality of variances, and Welch's 
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t-test was performed instead of two-sample t-test when the assumption was not satisfied. 
Multiple regression analysis was performed to predict the significant variables that had an effect 
on each health outcome. First, regression analysis via the combination of spatial boundary and 
NVDI type was processed to examine the spatial boundary and contextual influence of green 
space on exercise. From the result of proper green space measures, further analysis was 
performed to illustrate the association between independent variables and health outcomes by 
using selected green space variable. 
 
3.3 RESULTS 
3.3.1 Descriptive statistics: Study area and health outcome 
A total of 95 counties (20 urban and 75 rural counties) were included in the final analysis. 
Figure 6 illustrates the IBRFSS dataset counties’ demographic components via comparison with 
the ACS dataset that estimates of the total population. From Figure 6, the comparison for White 
and female population in each county showed a similar percentage pattern. Regarding the 
percentage of elderly and the household with a child, there is overestimation in IBRFSS and a 
gap between IBRFSS and ACS data, but both show a similar pattern in terms of increase. 
However, the percentage of poverty showed a lot of difference and different patterns. This may 
be due to the difference in poverty measurement between IBRFSS and ACS. Specifically, ACS 
poverty was calculated by household size and household income, while IBRFSS poverty was 
only estimated by the household income as less than $15,000. This criterion is definitely covered 
by the extreme poverty group regardless of their household size, but it may not include the large 





Figure 6 Socio-demographics comparison between IBRFSS and 2011 ACS data 
 
Table 4 presents the summary statistics for all variables from all databases. Based on the 
normality test result, two sample t-test or Welch’s t-test was performed to compare the difference 
between urban and rural counties. For socio-demographic factors, white (t=-8.869, p<0.001) and 
elderly populations (t=-6.686, p<0.001) are more concentrated in rural counties, while families 
with children are concentrated in urban counties (t=2.2, p=0.031). Urban counties had a higher 
proportion of high school graduates (t=6.644, p<0.001); this indicates that urban counties had a 
more highly educated population. There is no significant difference in sex ratio, working 
68 
 
population, and poverty level between urban and rural counties. For the health behavior factors, a 
larger proportion of the exercise population (t=2.219, p=0.029) and non-smoker group (t=-2.413, 
p=0.018) were found in urban areas. Furthermore, rural counties had more people who are at risk 
of chronic drinking than urban counties (t=-3.156, p<0.001). Obesity showed no statistical 
difference between urban and rural counties. For health outcomes, heart disease (t=-2.156, 
p=0.034) occurred more frequently in rural areas, while mental health problem (t=3.921, p<0.001) 
occurred more often in urban counties. 
 
Table 4 Descriptive statistics and comparison between urban and rural counties: Illinois round 5 BRFSS 
Variables 
Illinois Urban County Rural County Comparison: Urban - Rural 
n Mean (SE) N Mean (SE) N Mean (SE) Mean Diff. (SE Diff.) p-value 
Socio-demographic (%)            
  Sex: Female 95 51.33 (.41) 20 52.47 (.85) 75 51.02 (.46) 1.44 (1) .151 
  Age: 65+yrs. 95 21.5 (.4) 20 17.19 (.63) 75 22.65 (.39) -5.46 (.82) .000 *** 
  Race: White 95 92.45 (.87) 20 79.53 (1.78) 75 95.9 (.48) -16.37 (1.85) .000 *** † 
  Poverty: < $15K 94 8.86 (.41) 20 8.81 (1.03) 74 8.88 (.45) -.07 (1.02) .943 
  Child: More than one 86 38.25 (.62) 19 40.76 (1.49) 67 37.54 (.66) 3.22 (1.46) .031 * 
  Employment: Employed 95 54.94 (.84) 20 57.65 (1.26) 75 54.21 (1) 3.43 (2.04) .097 
  Education: > High school 95 56.67 (.79) 20 65.09 (1.77) 75 54.42 (.68) 10.67 (1.61) .000 *** 
Health behavior (%)            
  Smoking: Ever smoker 95 44.69 (.67) 20 41.64 (1.39) 75 45.5 (.74) -3.86 (1.6) .018 * 
  Alcohol: Chronic drinking 91 6.01 (.34) 20 4.67 (.36) 71 6.39 (.41) -1.72 (.55) .002 ** † 
  Exercise: Any exercise in 30 days 95 74.61 (.54) 20 76.9 (1.39) 75 74.01 (.56) 2.89 (1.3) .029 * 
  Obesity: Obese 95 31.31 (.57) 20 29.4 (1.23) 75 31.82 (.63) -2.42 (1.38) .082 
Health outcomes (%)            
  Heart disease 95 5.33 (.18) 20 4.6 (.44) 75 5.53 (.19) -.93 (.43) .032 * 
  Mental health 93 35.08 (.58) 19 38.58 (1.2) 74 34.18 (.63) 4.4 (1.38) .002 ** 
  Asthma 95 9.6 (.31) 20 9.65 (.53) 75 9.58 (.37) .06 (.65) .925 † 
Green space (%)            
  MN - Place 95 67.84 (.39) 20 65.97 (.66) 75 68.34 (.45) -2.37 (.93) .013 * 
  MN - 1H/1HA 95 67.48 (.35) 20 65.86 (.65) 75 67.94 (.4) -2.07 (.83) .014 * 
  MN - 1H/10HAs 94 70 (.41) 20 68.59 (.86) 74 7.38 (.46) -1.79 (.98) .072 
  TIN - Place 94 14.71 (.2) 20 14.61 (.49) 74 14.74 (.21) -.13 (.49) .791 
  TIN - 1H/1HA 91 14.05 (.21) 20 14.26 (.42) 71 13.99 (.25) .26 (.52) .614 
  TIN - 1H/10HAs 91 16.64 (.25) 20 16.52 (.57) 71 16.67 (.29) -.15 (.62) .813 
***  < 0.001, ** < 0.01, * <0.05, ·<0.1;  † Welch’s t-test due to the unsatisfied assumption of equal variance  





Figure 7 Correlation plot among variables 
 
The correlation plot in Figure 7 illustrates the relationship between variables. Urban 
characteristics in the first row showed the same with t-test result in Table 4. For other socio-
economic factors, the counties with more elderly populations tend to have more female (r=0.25, 
p=0.016), white (r=0.53, p<0.001), and obese population (r=0.27, p=0.008), but less families 
with children (r=-0.53, p<0.001) and exercise population (r=-0.31, p=0.002). White population 
had a positive correlation to smoking (r=0.28, p=0.006), chronic alcohol (r=0.22, p=0.035), and 
maximum NDVI (r-0.24, p=0.02). Counties with a higher poverty level are also associated with 
fewer families with children (r=-0.27, p=0.013), less exercise (r=-0.24, p=0.02), and less 
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employment (r=-0.29, p=0.004). Working population is associated to people who are at risk of 
chronic drinking (r=0.21, p=0.043). Highly educated counties are positively associated with 
families with family (r=0.26, p=0.015), exercise population (r=0.32, p=0.002), smoker (r=-0.4, 
p<0.001), and employment (r=0.21, p=0.037); while negatively associated with elderly 
population (r=-0.58, p<0.001), White (r=-0.49, p<0.001), obese group (r=-0.41, p<0.001). 
Exercise had an inverse correlation with obesity (r=-0.26, p=0.011) and smoking (r=-0.24, 
p=0.018), but positive correlation with the time-integrated NDVI (r=0.27, p=0.008). Regarding 
chronic diseases, heart disease prevalence was higher in counties with a larger population of 
elderly (r=0.28, p=0.005), White (r=0.23, p=0.025), no child (r=-0.25, p=0.023), education (r=-
0.33, p=0.001), and smoker (r=0.28, p=0.007). In contrast, higher prevalence of mental health 
problems had negative association with counties with elderly (r=-0.44, p<0.001), White (r=-0.38, 
p<0.001), poverty (r=0.27, p=0.012), and education level (r=0.25, p=0.017). 
 
3.3.2 Spatial boundary and geographic context for community green space 
Figure 8 includes a list of mismatched place, and this characteristic illustrates how 
different spatial boundaries can capture environmental exposure related to daily activity. Most of 
the characteristics are similar but slightly different within urban and rural counties. To be 
specific, the unincorporated community and small village were founded in both rural and urban 
areas, but urban area showed some distinct facilities which are typically located on urban setting 
only such as university sports complex, market area, industrial area, and O'Hare airport. 
Moreover, there are several symmetric difference areas between place and administrative-based 
boundary and place catches the area which has more possibly exposed to green space accounts to 
daily activities of community members. For example, some area in place boundary and 1 
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household/10 hectares boundary included preserves and parks, which are related to green space 
exposure; while, some areas in 1 household/1 hectare boundary included the place that is not 
related to daily human activities such as farmland, Riverside, or hotel area near freeway 
intersection. From the result, we conclude that spatial boundary with the residential area based 
on administrative units might be mismatched with the area which is actually related to human 
activity. 
 
Figure 8 Spatial mismatch among different type of spatial boundary 
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3.3.3 Green space measurement 
Table 5 showed the spatial influences of green space measurements via various usages of 
zoning and scale effect. Although both NDVI had a positive association to exercise, maximum 
NDVI was not statistically significant, except the 1H/10HAs spatial boundary model after 
adjusting for the control variables. Regardless of adjusted control variables, time-integrated 
NDVI showed a positive association with exercise. Poverty is the only significant socio-
demographic factor for exercise, and it has a negative association in the place and 1H/1HA 
model. (Place: b=-.382, se=.172, p=.029; 1H/1HA: b=.451, se=.170, p=.01). 
 
Table 5 Associations between green space and exercise from the regression models within the 
combination of spatial boundaries and type of NDVI 
Variables Maximum NDVI Time Integrated NDVI 
  County 1H/10HAs Place 1H/1HA County 1H/10HAs Place 1H/1HA 
  B (s.e.) B (s.e.) B (s.e.) B (s.e.) B (s.e.) B (s.e.) B (s.e.) B (s.e.) 
Un-adjusted                






























          
Adjusted         













































***  < 0.001, ** < 0.01, * <0.05, ·<0.1 
a. Adjusted for urban, age, sex, race, children, employment, education, non-smoking, alcohol, obesity 
 
3.3.4 Regression analysis for health outcome 
Multiple regression analyses were performed to examine the key risk factor for three 
chronic diseases. Table 6 represents the multiple regression models for three chronic diseases, 
either adjusted or un-adjusted via thirteen predictors. Although green space showed a negative 
association with chronic diseases, it was not statistically significant. After adjusted with 
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predictors, each chronic disease had one or two significant factors. For heart disease, smokers 
contributed positively to the regression models (b=.72, se=.033, p=.03), that means counties with 
more non-smoking group tend to have fewer individuals with self-reported heart disease. Also, 
education had negative regression weight (b=.81, se=.04, p=.48) that indicates that individuals 
with a high school degree or less were more likely to have heart disease. The proportion aged 
more than 65 years old has a significant negative weight (b=-.963, se=.26, p<.001), which means 
that the elderly population was expected to have the lower prevalence of poor mental health 
outcomes. On the contrary, the poverty level in the county had a significant positive weight 
(b=.432, se=.165, p=011), indicating that after accounting for population group age, counties 
with higher poverty level were expected to have poorer mental health outcomes. 
 
 Table 6 Multiple linear regression models to examine the key risk factors which accounts for heart 
disease, mental health, and asthma 
Variables Un-adjusted Adjusted model a 




Diseases Mental Health 
  B (s.e.) B (s.e.) B (s.e.) B (s.e.) B (s.e.) B (s.e.) 




(.305) -.157 (.17) .064 (.097) -.243 (.262) 
Urban: Urban County    -.015 (.017) .011 (.009) -.015 (.026) Sex: Female    -.124 (.201) .029 (.114) .397 (.31) Age: Elderly (65+ yrs.)    -.043 (.168) -.056 (.096) -.963 (.26)
*** 
Race: White    -.053 (.067) .054 (.038) .002 (.103) Poverty: <$15K household income    .123 (.107) -.039 (.061) .432 (.165)
* 
Children: ≥1 children    .03 (.072) -.075 (.041) -.172 (.112) Employment: Employed    -.019 (.044) -.014 (.025) -.119 (.068) Education: > High school    .027 (.071) -.081 (.04)
* .089 (.109) 
Exercise: Any exercise in 30 days    .039 (.072) -.03 (.041) .074 (.111) Obesity: Obese    -.008 (.068) -.023 (.039) .06 (.105) Smoking: Smoker    .126 (.057)
* .072 (.033)* .028 (.089) 
Alcohol: Risk for Chronic drinking    .021 (.102) -.038 (.058) .053 (.157) 
F (p-value) .741(.392) .046(.830) .462(.498) .982 (.477) 3.802 (.000) 5.048 (.000) 











***  < 0.001, ** < 0.01, * <0.05, ·<0.1 





3.4.1 Empirical approaches of spatial boundary matter for community green space 
The results in Figure 8 showed the spatial influences of measurements unit via various 
usages of zoning and scaling.  Previous research which used the administrative units showed 
contradicting results because inappropriate units of analysis may lead to different conclusions. 
One possible issue is the modifiable areal units problem (MAUP), that occurred by the usage of 
unsuitably large geo-units for their measurements as a unit of analysis (Openshaw, 1984). One of 
the commonly possible cases is the usage of large geo-unit of analysis. Specifically, the county 
level or census tract is relatively huge and unevenly distributed area related to population. 
Therefore, the usage of the large geographic unit might cause cartographic confounding (Oliver, 
Matthews, Siadaty, Hauck, & Pickle, 2005). It may have occurred with a similar issue in the 
previous study. In secondary analysis with survey data, Hillsdon et al. used the postcode in 
Norwich, England (Hillsdon, Panter, Foster, & Jones, 2006) and Ord et al. also used census area 
statistics and postcode in Scotland (Ord, Mitchell, & Pearce, 2013) to measure the green space 
assessment. These are much bigger spatial units than block group even than the census tract, so it 
casts doubts about the feasibility of the environment factor analysis within the large spatial unit. 
Block group level analysis may be the most feasible geographic units for secondary data; on the 
other hand, it is still a huge area for the individual measurements. For example, Johnson et al. 
(2018) used census block group to overcome the large scaling issue. In this case, however, the 
block group level analysis may not be appropriate because it is a relatively larger unit than the 
individual's activity area. Moreover, it also may not adequately capture the actual area because of 




In terms of larger scaling, the buffer also may not be suitable to apply with survey data. 
The buffer is widely used to catch the proximity of target areas, which is potentially affected to 
residents. It is also able to weight the actual accessible green space with consideration about 
complex routing and accessibility problems from spatial heterogeneity, so several studies take 
this advantage, especially for the individual level analysis (Houston, 2014; Zhang, Kwan, Chen, 
Lin, & Zhou, 2018). However, the health survey usually provides the larger geographical units 
without an individual’s identifiable information due to confidentiality, and the unit size is as 
much as the buffer with individual data. Therefore, buffer seems to be limited to apply for the 
census level geo-unit, unlike individual level. Moreover, a study by Coutts and colleagues (2013) 
in Florida showed that there is no difference among four levels of the buffer (e.g. 0.25, 0.5, 1, 
and 10 miles) based on the census tracts with population-weighted accessibility. Therefore, our 
study does not consider the buffer effect. 
Zoning scheme or areal division and data aggregation are the most suggested methods to 
address the MAUP (Kwan & Weber, 2008). According to Kwan, the data that is not included in 
the subjects' space-time trajectories need to use the smallest areal units of data as much as 
possible which is not limited to arbitrary spatial-temporal units (Kwan, 2018a). Therefore, our 
study adopts to use methods of the aggregation of the census block group, which is the smallest 
geographical units publicly available, to mitigate the zoning issue. For aggregation to work 
appropriately, the spatial boundary needs a criterion in which the block group unit is included. 
Although the population-weighted centroid is feasible for individuals, it is not feasible for survey 
data. Since there is no measurement criterion for the residential area block group, therefore, our 
study needed to establish the criteria to measure the administrative unit-based residential area via 
two residential densities: 1household(H)/1Hectare(HA) and 1H/10HAs. 
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Although our new approach was able to cover the actual residential area, these 
administrative units-based measurements might not reflect the actual environment exposure 
during the day time. Although our new approach was able to cover the actual residential area 
compared to the previous larger geographic unit used research, these administrative units-based 
measurements might not reflect the actual environment exposure during the day time. In addition 
to the zoning effects of MAUP, spatial environment data also need to consider the geographic 
contextual value such as the individual's daily mobility and area of activity. In this sense, our 
study included the census place, which covers the practical area that people live or work. From 
Figure 8 and statistical analysis, place context-based spatial boundary  showed a better result to 
capture the actual area related to green space exposure.  
Both context-based boundary (place) and residential area-based boundary (aggregated 
block group) used to identify the potential area in the community, and the notion of community 
environment measurement is a proper approach in survey data analysis with the large scales of a 
geographic unit. According to the Kwan, an individual’s neighborhood effect based on a 
residence may under- or overestimate due to the mobility issues such as commuting (Kwan, 
2018b). In other words, adequately defined spatial boundary, which is also considered the 
potential activity area of the community, may provide more accurate results due to the averaging 
effect, even though geographical segregation occurs within the community. The notion of 
community green space can mitigate the frame dependence of environmental measurements such 




3.4.2 Green space measurement and exercise 
Table 5 also included the entire county-level model that is to illustrate how inappropriate 
concepts of green space measurement address an erroneous conclusion. According to Coutts et al. 
(2013), the total measured amount of green space does not seem able to address the actual place 
related to physical activity. Interestingly, there is extremely reduced statistical power in the 
county-level model.  
Type of green space measurement also caused crucial differences in the result. Maximum 
NDVI showed no significance on the exercise population, while time-integrated NDVI did. One 
possible assumption is seasonal effect. Maximum NDVI has collected the image from the most 
vegetated season, but it also includes the hottest days in a year. This may cause the same issues 
in previous literature. According to Fan et al. (Fan et al., 2011), NDVI has no statistically 
significant for physical activity, while other green space measurements have a positive influence. 
However, they also calculated the NDVI from June to July, which is the same concepts of 
maximum NDVI, and it might lead to that conclusion. As seen in Figure 7, the maximum NDVI 
has a moderate correlation with time-integrated NDVI (r=0.48, p<0.001), but not the same. 
Time-integrated NDVI reflected the interactions between vegetation growth and the natural 
environment. Since this cycle also fits into the optimal season for outdoor activity or exercising, 
time-integrated NDVI is a more accurate measure of green space.  
Although it had a similar methodological concept with NDVI, using land cover/land use 
data to capture the amount of green space needs to be careful. Some studies that have found a 
negative association between green space and physical activities (Maas et al., 2008; Ord et al., 
2013) also calculated the percentage of green space based on the land cover or land usages. One 
common finding is that both included the agricultural green area, which is not related to human 
activities. Since this cover the area that actually people typically not access in their daily life,   
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the UGCoP may occur. This is also pointed out by other researchers who used land-use 
information to measure green space and exclusion of agricultural area (Chum, O’Campo, & 
Matheson, 2015; Coombes et al., 2010). 
3.4.3 Health characteristics in Illinois and risk factors for health outcomes 
Overall, urban counties in Illinois were more racially diverse and had lower 
concentrations of elderly individuals compared to rural counties. From the analysis, urban 
counties had higher percentages of mental disease and exercise population, but lower rates of 
obesity, diabetes, and heart diseases compared to rural counties. The result of health influence of 
urbanicity was aligned with the literature on heart disease (Kulshreshtha, Goyal, Dabhadkar, 
Veledar, & Vaccarino, 2014; O’Connor & Wellenius, 2012), mental disease (Breslau, Marshall, 
Pincus, & Brown, 2014), and obesity & physical activity (Michimi & Wimberly, 2012). 
Although table 4 indicates that there is a statistical difference between urban and rural counties 
in heart diseases and mental diseases, it was not statistically significant after controlling for the 
other factors. This indicates that the health disparity between urban and rural counties may not be 
a significant factor, and also diseases are not influenced by a single factor. 
From the regression analysis, we were able to explain the key risk factors from several 
socio-economic characteristics that influence chronic diseases. In the case of heart disease, our 
results showed that smoking and education had the most significant positive relationship to the 
prevalence of heart disease. This finding is consistent with a recent CDC report (CDC, 2017) 
showing that smoking is a key risk factor for heart diseases like high blood pressure and high 
cholesterol. Age was also an important parameter for the prevalence of poor mental health 
outcomes. To be specific, this indicates a higher proportion of elderly individuals were 
associated with lower rates of poor mental health outcomes and showed a similar result to 
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several studies (Reeves et al., 2011; Richardson et al., 2013). In contrast to age, poverty showed 
a positive relationship with poor mental health outcomes, indicating that more mental health 
problems occurred in high poverty counties. This is consistent with the literature showing 
poverty, social and health inequality as major risk factors for poor mental health outcomes 
(Marmot, 2005; Murali & Oyebode, 2004; Yoshikawa, Aber, & Beardslee, 2012). Moreover,  
poverty was associated with the racial/ethnic disparities and the lower usage of mental health 
services (Chow, Jaffee, & Snowden, 2003). Although green space was considered a positive 
influence on asthma, there is no association. This supports several studies which show green 
space does not influence asthma (Andrusaityte et al., 2016; Feng & Astell-Burt, 2017). 
 
3.4.4 Study limitations 
There are some limitations to this study. First of all, green space data sources used a 
satellite image, and they do not cover everything regarding the context of green space. 
Specifically, green space was only measured via satellite image based on color discrimination, so 
it limited to identify the context and characteristics of green space. For example, it is not 
guaranteed whether the proximate green space is related to the actual green space visited due to 
issues of accessibility. Also, green space measures to not capture indoor exercise facility and 
water resource facility that are also highly related to daily physical activity. 
Furthermore, 250m x 250m resolution of satellite image might ignore some part of the 
nearest green space around a residential area in urban areas. Specifically, solely satellite image is 
not able to distinguish place perfectly, whether it is related to human health or the physical 
activity if the place is smaller than its resolution. In this sense, it needs to consider the context of 
human activity and possibly exposed place, which actually affects individuals. 
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IBRFSS data also have some issues. The first issue is sample size. Unlike CDC BRFSS, 
the IBRFSS data provide the aggregated data as each county; thus, the sample size is relatively 
smaller than actual data collection. The missing value also has an issue. From the original data, 
we decided to exclude marital status and property type because of the large number of missing. 
Furthermore, the questionnaire was not well established to capture the actual physical 
activity level. For example, we were doubtful whether the question “any exercise experience in 
the past 30 days” can represent that the individual meets the target amount of physical activity. 
Also, the BRFSS is conducted by self-report, so it is less reliable than objective measurements 
such as an accelerometer, and also leads to controversial results between self-report and 
objective measurement (Galvez et al., 2013). Lastly, one cannot generalize our results for 
minority groups.  
Therefore, future studies should use better resolution of satellite image and larger sample 
size data and also need to consider the specified individual-level demographic information to 
reflect the uniqueness of each chronic disease. Moreover, future studies need to use not only the 
objective measurement of physical activity and green space but also used the subjective 
measurement to increase the contextual validity of the measurement. 
 
3.5 CONCLUSION 
Our study highlights the importance of proper environment measurement with the 
consideration of geographical context to capture the true effect and contributes to a better 
understanding of the geographic context considered measurement with the notion of community 
green space. It will be helpful for future studies that will use census data analysis.  
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The study provides comprehensive insight of gaps in terms of health and socio-
demographics between urban and rural areas in Illinois, and also allows us to determine a key 
targeted factor to promote physical activity and to prevent chronic diseases. With the practical 
approaches of community-level environment measurement, we found that the amount of green 
space in the community was positively associated with exercise, which is potentially influenced 
by various chronic diseases. 
The findings will help health practitioners and policymakers to establish health guidelines 
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CHAPTER 4: SOCIO-ENVIRONMENTAL DETERMINANTS OF PHYSICAL 
ACTIVITY AND SLEEP ACROSS THE US 
 
ABSTRACT 
Introduction: The surrounding environment of a community has a significant influence 
on a community’s ability to participate in physical activity and obtain quality sleep; consequently, 
a community’s environment has a direct effect on a community’s health. Therefore, addressing 
the spatial context of real environmental effects on a community’s health means: (1) addressing a 
community’s accessibility to participate in quality physical activity and quality sleep, and (2) 
addressing the bi-directional relationship between a community’s ability to participate in both 
physical activity and sleep. When addressing environmental effects on a community’s health, 
past research has only focused on only either physical activity or sleep. There has been little 
research that integrates the data that has been collected on both physical activity and sleep, and 
more importantly, considers the bidirectional relationship between these two components.  
Objectives: The purpose of this study is (1) to establish the significance of a 
community’s access to participate in quality physical activity and sleep, as well as integrating 
this activity-related data with varying environmental data for the purposes of research that 
assesses and addresses the health of a community environment, and (2) to examine the personal 
and environmental determinants that can negatively impact a community’s ability to participate 
in both physical activity and sleep, leading to an insufficient participate in both activities. 
Methods: Our methodological approach drew from a number of data sources with a 
focus on three variables: socio-demographic, health, and environment. The data sources utilized 
1) GIS and remote sensing image or 2) survey-based statistics. Through geospatial analysis, the 
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unit of analysis was trimmed to a "census place,” our geographic unit of analysis. Environmental 
variables can also be categorized into two types: natural environment and built environment.  
Two statistical analysis programs were used for the analysis: 1) SPSS for the descriptive 
statistics and exploratory factor analysis, and 2) R Studio with “lavaan” package for the 
multivariate linear regression and structural equation modeling as confirmatory factor analysis. 
Results: Through the exploratory factor analysis (Cronbach's Alpha = 0.607, 78.3% of 
total variance), a total of 12 exogenous variables and two endogenous variables were selected 
from the original 31 variables. The results show that the cities with higher socioeconomic status 
had a lower risk of insufficient sleep and absence of leisure physical activity; cities with lower 
socioeconomic status had a higher risk of insufficient sleep and absence of leisure physical 
activity. Negative environmental variables had a strong influence on whether a community 
experienced an absence of leisure physical activity and insufficient sleep. Furthermore, our 
results demonstrated that there is a bi-directional relationship between a community’s ability to 
participate in leisure physical activity and quality sleep. 
Conclusion: Healthier environment cities, regarding natural resources, less-noise and 
light pollution, and a better socioeconomic condition, had shown to mitigate the likelihood of 
insufficient sleep and lack of leisure physical activity. Our study suggests using the additional 
data source with respect to the socio-cultural environment and the individual level data with 





There has been significant research that documents the observable effects of physical 
activity and sleep on a person’s health. More focused research studies have also investigated the 
environmental variables on a community’s level of physical activity and sleep for the purposes of 
improving them. Some studies focus on built environments or built infrastructures or 
environments and their effect on a community’s level of physical activity (Da Silva et al., 2017; 
Mckenzie, Pinger, & Seabert, 2018; Mitchell, Clark, & Gilliland, 2016; Sallis, Owen, & Fisher, 
2015), and sleep (Singh & Kenney, 2013). According to this research, a well-established built 
environment can increase a community’s access to the necessary resources that allow for 
increased levels of physical activity and increased levels of sleep. Built environments with higher 
levels of walkability or access to fitness facilities allow for a community’s increased levels of 
physical activity. While access to an environment that allows for more physical activity is 
significant, other research has also demonstrated the significance of perceived lack of safety due 
to crime as a key variable associated with a lower level of physical activity (Gomez, Johnson, 
Selva, & Sallis, 2004; Rees-punia, Hathaway, & Gay, 2018). Higher levels of perceived lack of 
safety can also lead to poorer qualities of sleep (Heissel, Sharkey, Torrats-espinosa, Grant, & 
Adam, 2018; Krakow et al., 2001). Other research notes the effect of artificial noise as a negative 
environmental variable that disrupts sleep (Bodin, Björk, Ardö, & Albin, 2015; Dreger et al., 
2015; Haines, Berglund, Head, Stansfeld, & Job, 2002; Halperin, 2014; Sygna, Aasvang, 
Aamodt, Oftedal, & Krog, 2014), and even physical activity, in the case of long-term exposure 
(Foraster et al., 2016). Other studies focus on natural environmental variables, such as the green 
spaces mentioned in the previous chapter, which are a significant factor for sleep (Astell-Burt, 
Feng, & Kolt, 2013; Grigsby-Toussaint et al., 2015), and for physical activity (Astell-Burt et al., 
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2013; Grigsby-Toussaint, Chi, & Fiese, 2011; Hunter et al., 2015). In conclusion, community’s 
environment facilitates a community’s access to increased physical activity and ability to sleep. 
Research demonstrates that lower levels of physical activity and sleep are key risk factors when 
it comes to maintaining an individual’s health. Therefore, a community’s environment and the 
accessibility of that environment to community’s ability to participate in physical activity and 
obtain sleep affect a local community relative level of health.  
Further research demonstrates that physical activity and sleep have a bi-directional 
relationship, not one-way path relationship (Carson, Tremblay, Chaput, & Chastin, 2016; Kline, 
2014); thus, it is necessary to consider the relationship and apply both variables together (Chastin, 
Palarea-Albaladejo, Dontje, & Skelton, 2015). However, there has been little research that 
integrates data on physical activity and sleep in a way that examines their bi-directional 
relationship. While some studies have examined the relationship between sleep and physical 
activity, many of them focused on the one-way relationship of physical activity on sleep (Dolezal, 
Neufeld, Boland, Martin, & Cooper, 2017; Singh & Kenney, 2013; Yang, Shin, Li, & An, 2017). 
Singh and Kenney have examined the environmental effects on a community’s ability to sleep, 
their research only examined the effect of physical activity on sleep (Singh & Kenney, 2013). 
Jensen and her colleagues (Jensen et al., 2013) also researched that the association between 
physical activity and sleep, but the relationship between sleep and physical activity remains 
unclear. To be specific, even a study, titled “Interrelationship between sleep and exercise: A 
Systematic Review,” which sought to examine the mutual benefits of sleep and physical activity 
only examined the effect of exercise intervention programs for the purposes of addresses 
problems related to an individual’s ability to sleep, focusing only on the effect of exercise on 
sleep. To address this issue, our objective is to examine environmental variable on the effect of a 
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community’s level of physical activity and sleep, as well as the bidirectional relationship among 
these two necessary activities. The model that we develop in Chapter 1 (Figure 1) will use and 
examine the complex relationship between personal factors, behavioral factors, and 
environmental factors on a community’s level of physical activity and sleep. 
Therefore, we investigate personal factors, socio-economic factors, natural environmental 
factors, and the built environment factors. While we discuss measurable socio-environmental 
factors that are related to physical activity and sleep, the specific purpose of this study is 1) to 
explore the natural and built environmental factors and establish these components as a key 
contributors that affect a community’s level of physical activity and sleep, and 2) to examine 
their influence as determinants for the physical activity and sleep. We hypothesize that 1) socio-
demographic and environmental factors have an effect on human activities, such as physical 




4.2.1 Data sources and variables: socio-demographic and health 
Table 7 presents a summary of variables and data sources that were included in the 
analysis. The 500 Cities data was the primary source of data on the community health. 500 cities 
data were derived from the BRFSS dataset, which is conducted every year by the Centers for 
Disease Control and Prevention (CDC). This dataset is publicly available and downloadable with 
GIS-friendly format and includes estimated statistics for each census tract and place. Our study 
drew upon 2015-2016 data (500 Cities Public Inquiries, released in December 2018) that was 
collected from the entire US territory, including Hawaii and Puerto Rico. Our study focused on 
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variables derived from three types of health information from the data source: 1) health habits: 
binge drinking and smoking; 2) health condition: obesity, high blood pressure, high cholesterol, 
not good mental health, and not in good physical health; and 3) activity: absences of leisure 
physical activity time and insufficient sleep. All of the variables were the estimates prevalence 
and calculated to the percentages of prevalence based on the population of the geographic unit. 
 
Table 7 Summary of variables and data sources 
Factors Variables Data sources 
Demographic Sex, Age, Race, Marital status, Household 
with children 
US census: 2015 ACS 
(https://www.census.gov/acs/www/data/data-
tables-and-tools/data-profiles/2015/) Socio Economic 
Status 
Income, Education (More than Bachelor 
degree), Employment, 
Health habits Alcoholic, Smoking CDC: 500 cities – Local data for better health 
(https://www.cdc.gov/500cities/index.htm) Health condition Obesity, High Blood pressure, High 
Cholesterol, Mental health, Physical health, 
Activity Physical activity, Sleep, 
Temperature& 
Elevation 
Natural Amenity USDA-ERS: 1999 Natural amenities scale 
(https://www.ers.usda.gov/data-
products/natural-amenities-scale/) 
Light exposure Nighttime Light NOAA/NCEI- EOG: 2015 VIIRS DNB light 
(https://ngdc.noaa.gov/eog/viirs/download_dnb
_composites.html) 














Food accessibility, Recreation and Fitness 
facility 
USDA: 2015 Food Environment Atlas 
(https://www.ers.usda.gov/data-products/food-
environment-atlas/) 
ACS: American Community Survey; CDC: Center for Diseases and Control and prevention; USDA: United 
States Department of Agriculture; ERS: Economic Research Service; NOAA/NCEI: National Oceanic and 
Atmospheric Administration/National Centers for Environmental Information; EOG: Earth Observations Group; 
VIIRS: Visible Infrared Imaging Radiometer Suite; DNB: Day/Night Band; NDVI: The Normalized Difference 
Vegetation Index; USGS: US Geological Survey; EROS: Earth Resources Observation and Science Center; NPS: 
National Park Service; UCR: Uniform Crime Reporting Program; 
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A secondary data source, the 2011-2015 American Community Survey (ACS) data (US 
Census, 2019), provided demographic and socioeconomic information with the geospatial 
identifier. This ACS data is able to be downloaded from the American FactFinder with the 
following data profiles: demographic (DP-05), economic (DP-03), and social characteristics (DP-
02). These population estimates were based upon the geographic selection, in align with the 
census data which represents the geographic area that reflected the active area for the community 
people. Our study focused on variables derived from the mean and median income, while the 
unit of analysis for most variables was the percentages of population according to these socio-
economic demographic breakdowns: sex (Female), age (65 years or older in household), race 
(White, Black and African American, Hispanic, and Asian), employment (Unemployed), 
education (Graduate more than bachelor’s degree), and marital status (Married adults). 
 
4.2.2 Data sources and variables: natural environment and built environment 
Environment variables were derived from various data sources because the measuring 
units and methods varied depending on the target environment. There are two types of data 
product: 1) the use of GIS and remote sensing image to extract measures, and 2) numerical rating 
scale. In addition to the data type, it is also able to categorize two types of environments: the 
natural environment and the built environment. To be specific, three types of the natural 
environment - natural sounds, green space, and natural amenities - and five types of built 
environment - artificial sounds, nighttime light, crime and safety, food access, and physical 
activity facility - were included in our initial analysis. 
In the use of GIS, different spatial units of measurement may lead to a different result. 
Since measuring with administrative units might have some issue due to the inappropriate 
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measurement, which is not able to account the actual environmental exposure, as examined in the 
previous chapter, our study used census place which is a geographic unit of analysis to measure 
the actual area related to a measure of the community’s activity. In addition to the census place, 
we also used the intersection between census place and census tract when the data was only 
available to census tract level; census tract is based on an administrative unit, but with smaller 
geographical units than census place. The segregation of the census tract with the census place 
minimized the zoning effect. All of geoprocessing and spatial analysis were performed through 
ArcGIS 10.4. 
The environmental sound was derived from the NPS sound map data (Breiman, 2015). 
The sound level was measured the hourly L50 sound pressure level, which is exceeded decibel 
half of the measurement time during the typical summer daytime hours, and the product is a 
raster dataset with the 250m resolution. From the existing sound pressure level - all acoustic 
energy, the natural level sound was estimated using random forest modeling that is to minimize 
all kinds of anthropogenic input and to leave only biotic and abiotic sound. Consequently, the 
difference between existing and natural sound is considered as an artificial sound. 
The nighttime light exposure was estimated by the average radiance composite images 
from Visible Infrared Imaging Radiometer Suite (VIIRS) Day/Night Band (DNB) data (Earth 
Observation Group, 2015). The data is produced and managed by the Earth Observations Group 
(EOG) at NOAA/NCEI; it is downloadable from their website. Our study used an annual basis 
averaging dataset that removed the cloud mask, outlier, temporal lights, and background (non-




The green space variable in our study used time-integrated NDVI (TIN) that measured 
the canopy photosynthetic activity across the entire growing season in the study area (Earth 
Resources Observation and Science Center, 2015). USGS provided the TIN, this data source can 
be accessed through their atlas system - Earth explorer. The TIN is a time-series phenology 
metrics and used eMODIS data from Aqua satellite imagery to aggregate and interpolated 
seasonal NDVI during the plant's growth (Homer et al., 2015). The data consisted of raster data 
with the resolution of each 250x250 meter area covered by tree canopy. We extracted the 
average TIN along with census place as a spatial boundary, ranging between 0 to 100 percent.  
Natural amenity is the measure of environmental features that reflect preferred residential 
environment. We used the natural amenity scale that measures the environmental characteristics 
at the county level that acquired from USDA Economic Research Service (ERS) website 
(Mcgranaham, 1999). This data is only available for the counties in US continents, and the score 
is ranged between 1 and 7. The scale consists of six measures regarding climate, topography, and 
water area: 1) warm winter, 2) winter sun, 3) temperate summer, 4) low summer humidity, 5) 
topographic variation, and 6) water area. Since these characteristics were not drastically changed, 
our study takes this scale for the analysis even though the amenities scale was made in 1999. 
Our data source for safety and crime rate variables can be accessed through the FBI's 
Uniform Crime Report (UCR) (FBI, 2015). This report includes the number of offenses known 
to law enforcement for agencies from 9395 cities. This data reflects the Hierarchy Rule, which is 
report only the most severe offense, and the order is the following: 1) violent crimes: murder and 
non-negligent manslaughter, rape, robbery, aggravated assault and 2) property crimes: burglary, 
larceny-theft, and motor vehicle theft. Arson is not followed the Hierarchy Rule, but it counted in 
both when it has happened. 
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Our data source for food accessibility and access to physical activity facilities were 
derived from USDA Food Access Research Atlas (Breneman & Rhone, 2015). Since the low 
accessibility to these resources may lead to less choice regarding better health, this data is a good 
indicator for the effects of built environment on a community’s health. Our study used the 
aggregated population of the low-access census tract. This is based on the distance to a store, 
especially, calculated the population who live more than 1 mile (urban areas) or 10 miles (rural 
areas) from the nearest large grocery store. Food Access Research Atlas also provides 
information about recreation and fitness facilities. The number of fitness and recreation centers is 
derived from the 2014 County Business Patterns census data, which is from North American 
Industry Classification System (NAICS) code 713940, the number of facilities were calculated 
per 100,000 population for each county. 
 
4.2.3 Statistical analysis 
SPSS 23 (IBM Corp., 2015) and RStudio 1.0.143 (R Core Team, 2017) were used for 
statistical analysis with SPSS for the descriptive statistics and exploratory factor analysis and R 
Studio supporting multivariate linear regression and confirmatory factor analysis. Results are 
presented in three subsections relating to respectively: (1) Reliability and Validity, (2) Result 
from multivariate regression, and (3) Result from Structural Equation Modeling (SEM). 
Although the initial variables were selected from the strong theoretical background 
through their association with human activity, it is still necessary to select the feasible variables 
to creating the theory of structures due to the multicollinearity problem. Therefore, exploratory 
factor analysis was used to acquire a minimum number of factors with a maximum selection of 
information from the original variables (Rossoni, Engelbert, & Bellegard, 2016). Because it is 
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challenging to handle various unique indicators without the objective exclusion criteria, a 
reliability test was performed to check the consistency of all variables based on Cronbach's alpha 
adjustment for the correlation among the variables. Specifically, the analysis was conducted with 
both Eigenvalue 1 and Scree Plot methods to define the number of factors, and as well as the 
Varimax rotation to simplify the column to establish a clearer separation between factors. The 
cutoffs for Cronbach Alpha and Kaiser-Meyer-Olkin measure of sampling adequacy (KMO) are 
0.600, which is an acceptable level for the model fit. 
Hierarchical multivariate regression analysis was carried out to estimate the parameters 
for sleep dependency and physical activity separately. Since the Sobel test was not available 
because it did not satisfy normality assumption, the mediation effects of each activity were 
examined through the Baron and Kenny approaches (Hayes, 2009). Physical activity and sleep 
variables are used as the dependent variables respectively; thus, stepwise analysis helps to 
illustrate the existence of a mediation effect and bi-directional relationship between insufficient 
sleep and absence of leisure physical activity. 
The “lavaan” statistical software package in R (Rosseel, 2012) was used for confirmatory 
factor analysis with SEM. SEM was used to assess direct, indirect, and total effects between the 
independent variable (SES and environmental variables) and the two dependent variables 
(absence of leisure physical activity time and insufficient sleep); the covariates was able to 
mitigate the influences of interaction between physical activity and sleep. Since “lavaan” 
package is sensitive for any missing values during the analysis, crime variables, which has 25 
missing value, might need to exclude from the analysis. However, the result from the analysis 
was not able to include the crime variables, a total of 498 counties (excluding Hawaii and Alaska 
which is not available for the remote sensing images) were included for the final analysis. The 
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modeling was based on the framework diagram in Figure 1; it will show the direct effect on sleep 
and physical activity for each independent variable and also the interaction between both 
dependent variables. To obtain more reliable estimated standard errors without statistical 
uncertainty, bootstrapping (n=1000) were also performed. 
 
4.3 RESULTS 
4.3.1 Descriptive statistics and exploratory factor analysis for variable selection 
Table 8 summarizes the characteristics of the variables and data for the census place 
within 498 cities. Because each observation is an aggregated average for each city, this table 
provides both the mean and the median to demonstrate whether the statistics for each 
demographic were skewed or evenly distributed. Based on the skewness of ±1, five socio-
demographic groups showed symmetric distribution - with a mean of 50.32% White population, 
31.42% bachelor degree or higher, 43.82% married population, 15.86% elderly, and 34.07% 
household with children, while other socio-demographic groups had a skewed distribution - 
Asian, Hispanic, Black and African American population, female, median and mean income, and 
unemployed. Notably, the racial concentration showed in all race groups, except the White 
population based on the higher skewness of race variables (White=-0.3, Asian=2.9, Hispanic=1.3, 
Black/Afrincan American=1.7).  
While most of the health variables were normally distributed within the cities, it is 
significant to note that similar types of health outcomes yielded similar percentages of 
population - 17% for binge drinking and smoking; 13% for mental health issues and physical 
health issues; and 30% for high blood pressure and 31% of high cholesterol. For variables related 
to human activities: one-third of population had an insufficient sleep and one-fourth of 
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individuals did not engage in leisure physical activity. Skewness for the environment variables 
mostly showed in the human-originated variables such as nighttime light (high skewness of 2.5), 
artificial sound (high skewness of -1.6), and violation crime (high skewness of 1.3). 
 
Table 8 Descriptive statistics: summarizing variables and result of factor analysis (N=498 cities in US 
continent) 
Data 












White (%) 498 50.323 51.566 .968 -0.3 (1.4-89.93) Factor 3 
Asian (%) 498 7.280 3.943 .404 2.9 (0.24-64.09) Factor 1 
Median Income ($10,000) 498 54.918 49.827 .827 1.2 (24.13-128.92) Factor 1 
Mean Income ($10,000) 498 72.814 66.619 1.003 1.3 (34.56-179.92) Factor 1 
> Bachelor Degree (%) 498 31.420 28.850 .616 0.8 (6-76.6) Factor 1 
Married (%) 498 43.815 44.149 .386 -0.1 (22.07-65.78) Factor 1 
Female (%) 498 51.726 51.772 .073 -1.2 (39.03-57.75) Excluded 
Elderly (%) 498 15.862 15.556 .170 0.8 (6.43-33.25) Excluded 
Hispanic (%) 498 24.057 17.610 .925 1.3 (1.22-95.64) Excluded 
Black/African American (%) 498 14.861 8.354 .723 1.7 (0.03-81.41) Excluded 
Unemployed (%) 498 9.115 8.652 .143 1.1 (3.77-24.88) Excluded 




Binge drinking (%) 498 17.259 17.200 .120 0.2 (7.3-25.5) Factor 3 
Absence of Leisure physical 
activity time (%) 
498 24.357 24.300 .296 0.5 (10.9-48.6) Outcome 
Not Enough Sleep (%) 498 35.507 35.350 .194 0.3 (24.5-50.1) Outcome 
Obesity (%) 498 29.803 29.850 .272 0.1 (15.3-49) Excluded 
Smoking (%) 498 17.401 16.900 .193 0.3 (8.5-30.9) Excluded 
High Blood Pressure (%) 498 30.394 29.800 .210 0.7 (21.8-46.3) Excluded 
High Cholesterol (%) 498 31.353 31.500 .092 -0.4 (25.5-36.2) Excluded 
Not good Mental Health (%) 498 12.642 12.700 .090 0.0 (7.9-18.5) Excluded 




Natural Amenity (Score) 498 4.523 4.000 .069 0.1 (1-7) Factor 2 
Nighttime Light (Nano 
Watts/cm2/sr) 
498 29.679 25.527 .769 2.5 (2.64-165.78) Factor 4 
Time Integrated NDVI (%) 498 23.579 19.312 .699 0.7 (1.85-67.79) Factor 3 
Artificial Sound (L50 decibel) 498 32.819 34.082 .137 -1.6 (21.83-36.77) Factor 2 
Natural Sound (L50 decibel) 498 15.688 15.330 .123 0.3 (5.91-26.82) Factor 2 
Violation Crime (N per 1K) 473 4.805 3.981 .157 1.3 (0.15-18.17) Excluded 
Property Crime (N per 1K) 473 31.932 29.572 .640 0.9 (6.4-97.17) Excluded 
Not Access to Food (%) 498 19.157 18.077 .582 0.6 (0-65.28) Excluded 
Recreation and Fitness 
Facility (N per 100K) 




The primary purpose of the exploratory factor analysis was to investigate the factors 
underlying physical activity and sleep (Table 9). From the original 28 items, items were 
eliminated via reliability test until the entire Cronbach's Alpha is more than 0.6  a cutoff point 
deemed "acceptable." Items were also excluded from the factor analysis if they did not have a 
communality of at least 0.50, a common cutoff. All built environment variables (crime, food 
access, and physical activity facility) failed to load on any factor. 
When considering socio-economic variables, many demographic variables (female, 
elderly, a household with children, Hispanic, and Black and African American) failed to load on 
the factor. It is believed that these variables are less perceived than socio-economic variables (i.e., 
income and education); while other substitutable variables (i.e., marital status and Asian) can 
cover the personal factor. Since these factors were included in factor 1, thus factor 1 named as 
“personal factor”. Several environment variables also failed to lead. However, both artificial and 
natural sound and natural amenity loaded on factor 2. These three factors were derived from the 
environmental variables; factor 2 was named as “environmental factor”. 
Regarding factor 3, there was an issue of how to define and to designate it. Especially all 
three variables in factor 3 were from the different categories (i.e., drinking - a health condition, 
White - personal & demographic, and time-integrated green space - environment); thus it was 
hard to find its commonality between variables. White (60.8%) is the majority racial group in the 
United States (US Census, 2018), thus one assumption is that the amount of White population 
may imply to the less racially diverse. According to the educational diversity studies, racial 
group composition and diversity is able to reflect the comprehension of the racially related topic 
(Sommers, Warp, & Mahoney, 2008) and the capacity of complex thinking (Antonio et al., 2004); 
thus, the proportion of White population in each city may associated to the social and cultural 
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background in relate the perception of racial diversity. Although NDVI is directly representing 
the natural environment, it possibly reflects the cities’ urban planning development because 
urban green space is associated with the public health related urban planning (Wolch et al., 2014). 
In this sense, these three variables in factor 3 were able to categorize as "social and health policy 
factor". 
 
Table 9 Communality and Final Exploratory Factor Analysis Results 












Median Income ($1K) 0.953 0.077 0.118 -0.045 0.930 
Mean Income ($1K) 0.945 0.137 0.093 -0.095 0.931 
Education: Bachelor degree+ 0.742 -0.146 0.376 0.021 0.714 
Asian 0.713 0.049 -0.344 0.170 0.658 
Married 0.646 0.266 0.097 -0.413 0.669 
Artificial Sound 0.026 -0.895 -0.107 0.127 0.829 
Nature Sound 0.035 0.711 -0.079 0.637 0.919 
Nature Amenity 0.270 0.655 -0.476 -0.090 0.737 
White 0.094 -0.008 0.824 -0.347 0.808 
Binge Drinking 0.319 0.021 0.722 -0.016 0.623 
Time Integrate NDVI -0.205 -0.534 0.602 0.118 0.704 
Nighttime Light -0.045 -0.127 -0.116 0.918 0.875 
Eigenvalue 3.823 2.814 1.582 1.179  
% of Total Variance 31.855% 23.447% 13.183% 9.822%  
Cronbach's Alpha    0.607  
Total Variance    78.307%  
 
After Varimax rotation, a total of four factors with 12 items (5, 3, 3, and 1 item) were 
extracted and used for further analysis. All extracted factors had eigenvalues over 1.0, 
accounting for 78.3% of the cumulative variance. The items were satisfied with the high absolute 
value of loadings (>0.50) and high communalities (>0.50). The KMO and Bartlett's test for 
sampling adequacy was statistically significant. To be specific, the variable selection in this 
study is satisfied the acceptable level of reliability (Cronbach's Alpha=0.624 (>0.600)) and 
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validity (KMO=0.626 (>0.5) and p<0.001 (<0.05)). The rotated factor loadings for each item 
were also examined. Most items had significant loadings on only one factor, while two items had 
substantial loadings on more than one factor (Natural sound: 0.711 of factor 2 and 0.607 of factor 
4; Time-integrated NDVI: -0.534 of factor 2 and 0.602 of factor 3). 
 
4.3.2 Multivariate regression based on the results from the exploratory factor analysis 
With the four different models based on the activity variable selection, regression 
analyses were performed to examine the direct association between socio-demographic and 
environmental factors to human activity and the bidirectional relationship between sleep and 
physical activity. Table 10 represents the result of multivariate regression models for each sleep 
and physical activity. All models showed a good fit with the high score of adjusted R² (78% of 
Model 1, 80.26% of model 2, 53.84% of model 3, and 59.59% of model 4).  
 
Table 10 Multiple regression for physical activity (PA) and sleep (n=498) 
 Model 1  Model 2 








Factor1: Personal Factor -0.67*** -0.53***  -0.55*** -0.22*** 
Factor2: Environmental 
Factor 
-0.36*** -0.22***  -0.31*** -0.05 
Factor3: Social and Health 
policy Factor 
-0.41*** -0.40***  -0.32*** -0.21*** 
Factor4: Environment - Light 0.20*** 0.23***  0.15*** 0.13*** 
Insufficient Sleep    0.22***  
Absence of Leisure PA time     0.47*** 
Adj. R2 0.7800 0.5384  0.8026 0.5859 
F (4,493)=441.4 (4,493)=145.9  (5,492)=405.1 (5,492)=141.6 
Df    0.0226 0.0475 
 
In the all models, factor 1, 2, and 3 have negatively associated to the physical activity 
(model 1: β = -0.67, -0.36, -0.41 & model 2: β = -0.55, -0.31, -0.32) and sleep (model 3: β =-0.53, 
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-0.22, -0.40 & model 4: β = -0.22, -0.05, -0.21). In contrast, light exposure showed a positive 
association (in order of model 1 to 4: β = 1.3, 0.97, 0.98, 0.58). Specifically for physical activity 
and sleep, both had a positive association (β = 0.34 of sleep to physical activity; β = 0.31 of 
physical activity to sleep). For the mediation analysis, all four factors in model 1 were 
significantly associated with physical activity and sleep respectively, with the effect size in 
model 2 being smaller than model 1. 
 
4.3.3 Confirmatory Factor Analysis: Structural Equation Modeling 
Structural equation modeling was performed to investigate the environmental influence 
on sleep and physical activity. Figure 9 summarizes the effect size, both positive and negative, 
with a solid line if the path were statistically significant. In terms of model fit, some model fit 
indices demonstrated an excellent fit, while others did not (Table 11). For instance, Comparative 
Fit Index (CFI) of 0.975, Normed-Fit Index (NFI) of 0.973, Goodness of Fit Index (GFI) of 
0.959, and Standardized Root Mean square Residual (SRMR) of 0.048; while, Tucker-Lewis 
Index (TFI) of 0.79, Root Mean Squared Error of Approximation (RMSEA) of 0.166, and Root 
Mean square Residual (RMR) of 5.065. 
 
Table 11 Evaluation of Goodness of Fit for the structural equation model 
Fit indices R R R A A A A 
CFI NFI TFI RMSEA RMR SRMR GFI 
Suggested value >0.9 >0.8 >0.9 <0.08 <0.05 <0.08 >0.9 
Our model 0.974 0.973 0.74 0.185 5.065 0.048 0.959 
R: Relative fit indices, A: Absolute fit indices 
 
Figure 9 illustrates the relationship between the variables. The correlation coefficients for 
each factor were significant. For example, the coefficients of measured variables in factor 2 (i.e., 
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environmental factors) are respectively -0.343 for nature sound, -0.163 for natural amenity, and 
0.493 for artificial sound. From the negative coefficients of nature-related variables (nature 




Figure 9 Structure equation modeling for sleep and physical activity using latent variables  
 
All of the variables in factor 1 (i.e., personal factor) had a positive coefficient (i.e., 
median income=0.791, mean income=0.796, higher education=0.868, married=0.714, and 
Asian=0.392) from the model. Of these variables, income and education variables indicated a 
higher socio-economic status; therefore, the increased of factor 1 implies a higher socio-
demographic community. Although, it is still a controversial component in factor 3 (i.e., social 
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and health policy factor), both the positive coefficient of White and binge drinking variables and 
negative coefficient of green space variable explained that this factor could be considered as a 
negative environmental effect. 
All latent factors related to environment are statistically significant (p<0.001), and also 
showed a positive association with the population of absence of leisure-time physical activity 
time (3.943 of factor 2, 0.693 of factor 3, and 3.789 of factor 4) and sleep insufficiency (1.081 of 
factor 2 and 1.054 of factor 4). This positive coefficient indicates that the higher exposure to 
built environments led to poorer quality of sleep and lower physical activity. In contrast, factor 1 
had negative coefficient to physical activity (-2.325) and sleep (-0.887), indicated that places 
with a higher socio-economic status, higher married population, and higher Asian population had 
a lower risk of sleep insufficiency and absence of physical activity time. 
 
4.4 DISCUSSION 
One of the major benefits of path analysis and structural equation modeling is that it can 
evaluate the plausibility of theoretical hypotheses (Stage, Carter, & Nora, 2004). With the firm 
foundation of literature, SEM is able to test the conceptual model and whether it is feasible to 
determine a multi or bidirectional relationship, and not only a one-way flow of causality. 
Therefore, our study used both multivariate regression and SEM as a confirmatory analysis and 
compared the results. 
From the analysis, we were able to demonstrate the influence of several socio-economic 
characteristics and environmental variables, and their effects on a community’s level of physical 
activity and sleep. Socio-economic status is a fundamental factor that is related to physical 
activity (D’Haese, Dyck, Bourdeaudhuij, Deforche, & Cardon, 2014) and sleep (Bøe, Hysing, 
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Morten, Lundervold, & Sivertsen, 2012; Stein, Mendelsohn, Obermeyer, Amromin, & Benca, 
2001). Economic and educational factors have a significant impact on both physical activity and 
sleep, according to our analysis. Higher economic class and higher educational backgrounds 
result in the amount of leisure physical activity and sleep quality. In fact, research done by Bøe 
and colleagues even examines the significance of parental education level on children’s sleep 
problems (Bøe et al., 2012). 
Certain environmental factors significantly influenced both sleep insufficiency and 
absence of leisure physical activity time. Artificial noise and light pollution are the significant 
factors that affect a community’s health (Schreckenberg, Griefahn, & Meis, 2010); especially 
since it significantly influenced the quality of sleep within a community. This is aligned with the 
studies that report sleeping issues due to excessive noise (Bodin et al., 2015; Schreckenberg et al., 
2010) and light exposure (Van Someren, 2013). In contrast, higher levels of natural sound and 
natural amenities contributed to better sleep quality and leisure physical activity time (Grigsby-
Toussaint et al., 2015). There was also decreased likelihood of insufficient sleep in geographic 
areas with more green space exposure or high natural amenity score. In addition to the benefits 
of green scenery, natural sound exposure is also associated with physical and psychological well-
being (Depledge et al., 2011). Our results demonstrate that improving upon environmental 
conditions in a community could mitigate the negative health effects on a population with an 
absence of leisure-time physical activity and insufficient sleep. Our research shows that 
improving upon environmental variables, such as an environment’s sound levels, less nighttime 
light, more green spaces, and natural amenities through better social and health policies can 
result in higher levels of both physical activity and sleep. Without better environmental factors, 
there is an increased risk of sleep insufficiency and absence of leisure physical activity. While 
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socioeconomic variables affect a community’s level of physical activity and sleep, we emphasize 
the need for better quality management and improvement of the community environment. Our 
findings support the evidence of therapeutic interventions for better sleep quality, such as a forest 
program (López-Pousa et al., 2015; Morita, Imai, Okawa, Miyaura, & Miyazaki, 2011). 
One of the hypotheses was the existence of a bi-directional association between sleep and 
physical activity (Dolezal et al., 2017; Kline, 2014). According to the mediation analysis, poor 
sleep quality was a negative mediator of leisure physical activity from the personal factor, 
environments, social and health policy factor, and nighttime light; while absence of leisure 
physical activity time was also negative mediator of sleep quality from personal factors, social 
and health policy factor, and nighttime light. The results indicate that there is a bi-directional 
positive association between amount of leisure physical activity and amount of sleep. These 
results support the evidence that poor sleep quality can lead to a lack of physical activity and that 
a lack of physical activity can lead to poor sleep quality. Our finding indicates the negative 
influence of a lack of sleep on physical activity, and the negative influence of a lack of physical 
inactivity on sleep quality, is aligned with the Kline's reviews that examine the bi-directional 
relationship between physical activity and sleep (Kline, 2014). 
For the SEM analysis, some model fit indices were not satisfied with the suggested model 
indices. RMR, which is absolute fit indices, is required to use the same scales and measurement 
to compare each variable (Hooper, Coughlan, & Mullen, 2008). In this sense, RMR is not 
appropriate in our analysis that is combined the various scales and measurement. To overcome 
the limitation of the combination of varying scales and measurement, SRMR is a proper index 
for our model fit evaluation. The SRMR of the final model is 0.047, which refers to the 
acceptable model fit. RMSEA is the most widely used and considered as the most informative 
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model indices. Unfortunately, RMSEA of our model is not satisfied with the recommended cut-
off point. One possible assumption is the high skewness variable. Since the violations of 
normality from some high skewness variables influenced to maximum likelihood test statistic, it 
may be able to inflate RMSEA, which is computed from the Chi-square (Ryu, 2011). CFI is the 
least affected by the estimation technique and sample size (Cangur & Ercan, 2015). 
 
4.5 CONCLUSION 
Through the integration of various data sources, our study provides a methodological 
approach that considers not only the significance of a community’s level of physical activity and 
sleep on the level of health within a community, but also considers the natural and built 
environmental variables that can affect a community’s level of physical activity and sleep. Our 
findings illustrate that the geographic locales with higher socioeconomic conditions experienced 
a healthier environment with regards to their access to natural resources, less-noise and reduced 
light pollution. This healthier environment has been shown to mitigate the likelihood of 
unhealthy human activities such as insufficient sleep and absence of leisure-time physical 
activity. Furthermore, our methodological approach makes the arguments for a closer 
examination of the bi-directional relationship between sleep and physical activity. Our study 
suggests that future research studies should be conducted with respect to the socio-cultural 
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